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“Three Essays in Health Economics” 
Patrick Manzi 
 
I examine three issues in health economics. I first consider the 
effect of smoking bans on weight gain and find that while smoking 
bans do not lead to weight gain among the whole population, they 
may lead to slight increases in weight gain among current smokers. 
In the second essay I examine differences in maternal and infant 
health outcomes among mothers enrolled in the WIC program 
using a regression discontinuity approach. Results indicate that 
WIC participation decreases the likelihood of premature births, 
reduces the likelihood of breastfeeding and leads to decreases in 
maternal weight gain during pregnancy. Finally I examine how 
insurance coverage contributes to an individual’s decision to utilize 
several preventive care services. I find that in all cases individuals 
with insurance coverage are more likely to utilize all preventive 
care services examined and also that visiting a doctor’s office in the 
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 This dissertation contains three essays, each of which addresses some question related 
to the economics of health policy. The first examines the effectiveness and potential 
unintended consequences of smoking bans; the second examines maternal and birth outcomes 
among low-income mothers who qualify for WIC benefits and among those whose income 
makes them just ineligible for the program; the third essay analyzes the usage of preventive 
care services among the insured and uninsured and among different income groups. 
 In the first essay, presented in Chapter II, I examine a potential contributor to the 
unprecedented rise in obesity rates in the United States over the past several decades. 
Concurrently and following a trend since the 1970s, the United States has continued to see a 
decline in cigarette smoking rates. The rise in obesity has been attributed to various causes 
such as increased sugar intake and a more sedentary lifestyle that is a consequence of the 
modern work environment. As with obesity, the decline in smoking can be attributed to many 
causes. Beginning with a study published in 1954 by the Office of the Surgeon General, 
individuals have been presented with a multitude of studies since showing the many ways in 
which tobacco consumption can lead to adverse health outcomes. Armed with this information 
on the detrimental effects of tobacco consumption, legislators have levied high and ever-
increasing excise taxes on the purchase of tobacco. Legislators have also sought to reduce 
tobacco consumption by banning the consumption of cigarettes in many public places in most 
states across the U.S.  
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 Upon cessation from cigarette smoking, many individuals noticed a gain in their body 
weight. In fact, several studies referenced in Chapter II find that upon cessation individuals may 
experience a weight gain of 5 to 10 pounds. It is unclear whether this weight gain is permanent, 
as some studies indicated that the weight gained as a result of cigarette cessation is transitory 
and may slow down after several months. 
 Building on the idea of the relationship between cigarette cessation and weight gain as 
well as legislation enacted to encourage individuals to quit smoking, this paper asks the 
question, “Do Smoking Bans Lead to Higher Rates of Obesity?” In chapter II of this dissertation I 
examine the relationship between smoking bans and weight gain. I begin with a simple analysis 
to examine whether a link exists between smoking cessation and weight gain. Then I perform a 
second analysis to examine the effects of increasing cigarette taxes and cigarette prices on 
smoking cessation. These two steps are fundamentally preliminary analyses to examine how 
the findings of the previous literature compare to those gleaned from my dataset. I then move 
to my primary contribution to the literature: I use a fixed effects approach to first examine 
whether smoking bans have their desired effect of reducing smoking. Next, I again implement a 
fixed effects approach and examine the effects of smoking ban legislation on weight gain and 
obesity.  
 The analysis in Chapter II is able to confirm the previous finding in the literature that 
there is indeed a link between smoking cessation and weight gain. I also find that smoking bans 
tend to have the desired effect of reducing smoking. However, when I address the question of 
whether smoking bans have the unintended consequence of increasing weight gain and obesity 
among my full sample, I am unable to find compelling evidence to support this hypothesis. 
3 
 
When I examine the effect of smoking bans on weight gain among smokers, I find that bans in 
private and government establishments and restaurants could possibly lead to slight weight 
gains among those who are current smokers. 
In chapter III I examine how participation in the Women, Infants and Children Program 
(WIC) affects select maternal and infant health outcomes. Previous research by Chatterji et al. 
(2002) has found that WIC negatively affects the probability of breastfeeding. Bitler and Currie 
(2005), Filgio, Hammersmith and Roth (2009) and Hoynes, Page and Stevens (2011) all find that 
WIC participation leads to a decreased likelihood of having a low birth weight child. The general 
consensus of the previous literature is that in WIC participation appears to improve health 
outcomes for mothers and their children. However, these findings have been questioned in 
recent studies that assert that most WIC studies fail to appropriately address that problem of 
selection bias into the program.   
In an attempt to address this bias, we utilize data from the CDC’s Pregnancy Risk 
Assessment Monitoring System (PRAMS) and implement a fuzzy regression discontinuity design 
to examine the effects of WIC participation on maternal and infant health outcomes. Mothers, 
and in some cases fathers or other caretakers, are eligible for WIC enrollment in their income 
falls at or below an income cut-off. This cut-off varies based on the number of people who are 
dependent on that income. Our regression discontinuity strategy allows us to examine the birth 
outcomes of mothers who are very close to the income cut-off on each side of that income 
threshold. In other words, we examine the outcomes of mothers whose income is just high 
enough to disqualify them from participating in WIC and mothers whose income is just low 
enough to qualify for WIC participation.  
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 We examine six infant and maternal health outcomes in our analysis: the probability of 
low birth weight, the probability of premature birth, birth weight, whether or not a mother has 
ever breast fed, duration of breast feeding and maternal weight gain during pregnancy. We find 
significant results in a number of specifications for three main outcomes: decreased probability 
of premature birth, decreased likelihood of breast feeding and decreased maternal weight gain 
during pregnancy. Results indicate that WIC participation decreases the likelihood of premature 
births, reduces the likelihood of breastfeeding and leads to decreases in maternal weight gain 
during pregnancy.  
 In Chapter IV I examine the usage of preventive care services among different groups of 
people. Specifically I examine how insurance coverage contributes to an individual’s decision to 
utilize a variety of preventive care services. One of the goals of the recently passed Affordable 
Care Act (ACA) is to increase the usage of preventive care services. Maciosek et al. (2010) state 
that increased use of preventive care services could prevent the loss of more than 2 million 
quality-adjusted life years1 and could result in savings of several billion dollars. 
 Previous research has found that whites are more likely to have insurance coverage 
than blacks and Hispanics (Ahluwalia et al., 2009). Other studies have found that the working 
poor are less likely to receive certain preventive care services and women are more likely than 
men to receive preventive care services. Tian et al. (2010) show that in Taiwan, usage of 
preventive care services in the present leads to fewer inpatient hospital visits in the future. 
                                                          
1 A quality-adjusted life year (QALY) is a measure of disease burden which includes both the quality and the 
quantity of life lived. It is used in assessing the value of money of a medical intervention. The QALY is based on the 
number of years of life that would be added by the intervention. 
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Finally, Decker et al. (2012) show that individuals who had insurance coverage before becoming 
eligible for Medicare at age 65 use their Medicare coverage differently than those who were 
without coverage before age 65. During the first few years of Medicare enrollment those 
without previous coverage continued to use the Medicare system differently than those with 
previous coverage, mainly by using fewer of the services offered. 
 Chapter IV uses data from the CDC’s Behavioral Risk Factor Surveillance System (BRFSS) 
over two time periods, 1996-2000 and 2005-2012, to analyze the usage of specific preventive 
care services. Data from 1996-2000 contain information on six types of coverage held by 
individuals and eight preventive care services. After controlling for several demographic 
characteristics such as age, race, employment status, and income and education levels, I find 
that relative to those who purchase their own private insurance plans, those with insurance 
through their employer or spouse’s employer and those with coverage through the military are 
more likely to receive preventive care. Having a check-up with a doctor in the previous year also 
seems to increase the usage of preventive care services in all cases. A simple conversation with 
a doctor could be a significant driver the results found in this paper.  
 In the years 2001-2012 the data only contain information on whether an individual has 
some form of insurance coverage. In this phase of the analysis I create five income categories 
for individual and examine their usage of nine preventive care services. I control for the same 
demographic characteristics as well as whether or not an individual has visited a doctor within 
the past year. Individuals with insurance coverage are much more likely to use preventive care 
services relative to those without coverage. Results also point to a high income bias in the 
6 
 
utilization of nearly all preventive care services in the BRFSS data set. This implies that as 





2. “Do Smoking Bans Lead to Higher Rates of Obesity?”  
2.1       Introduction 
 Two notable trends have been occurring in the United States over the past several 
decades: The country has experienced an unprecedented rise in the share of its population that 
is obese (BMI ≥ 30) while it has simultaneously seen a significant decline in cigarette smoking. In 
1990, 10 states had an obesity rate of less than 10 percent and no states had rates of obesity 
greater than or equal to 15 percent. By 2000, no state had an obesity rate of less than 10 
percent, 23 states had prevalence between 20-24 percent, and no state had prevalence greater 
than or equal to 25 percent. In sharp contrast, by 2012 no state had an obesity rate of less than 
20 percent. Nine states and the District of Columbia had prevalence between 20-25 percent. 
Thirteen states had prevalence equal to or greater than 30 percent. In 2008 the estimated 
annual medical cost of obesity was $147 billion. Annual medical costs for people who are obese 
are estimated to be $1,429 higher than those of normal weight2.  
In 1954 the Office of the Surgeon General released the first report on the effects of 
smoking on health. In the more than 60 years since, a multitude of studies have been published 
consistently demonstrating the detrimental effects of smoking on health. From 2000 to 2011, 
total per capita cigarette consumption declined from 2,076 in 2000 to 1,232 in 2011, a 40.7% 
decrease. From 2000-2004 cigarette smoking was estimated to be responsible for $193 billion 
in annual health-related economic losses in the United States3.  





Some have suggested that these trends are related. Some evidence indicates that 
smoking cessation can lead to weight gain. A 1990 report from the U.S. surgeon general states 
that the fear of post-cessation weight gain may discourage many smokers from trying to quit 
and the fear or occurrence of actual weight gain may drive the relapse of many who have 
already quit. Roughly half of those mentioned in the report agreed with the statement that, 
“smoking helps control weight”. However the mean weight gain of those who did gain weight 
after cessation was only 5 pounds (U.S. Department of Health and Human Services, 1990). Cann 
et al., (1996) find weight gain is often a deterrent for many people who would like to quit 
smoking, especially women. Finklestein et al. (2003) postulate that if it is true that these two 
phenomena are related, then the welfare gains from reduced smoking may be offset by the 
costs from increased obesity. Rashad and Grossman (2004) estimate that declines in smoking 
account for almost 20 percent of the growth in obesity over the past several decades. 
Many states have also enacted legislation to restrict smoking in certain areas, mainly in 
indoor work spaces, bars, and restaurants. In 1995 California was the first state to enact a 
statewide smoking ban. Throughout the 2000s many states enacted smoking bans of their own. 
As of June 2013, 28 states have enacted statewide bans on smoking in all public places, 
including bars and restaurants. Several states leave the decision up to local municipalities or 
exempt a variety of places from their smoking bans. The effects of these bans is important to 
consider as it may cause changes in people behavior.  
We seek to examine a potential unintended consequence of smoking ban legislation. If 
it is true that smoking cessation often leads to higher levels of weight gain and obesity and that 
smoking bans reduce cigarette smoking prevalence, then smoking ban legislation could 
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unintentionally lead to higher levels of weight gain and obesity. This paper uses data from the 
CDC Behavioral Risk Factor Surveillance System (BRFSS) and the CDC State Tobacco Activities 
Tracking and Evaluation System (STATE) over the period 1995-2012 to estimate the effects of 
smoking ban legislation on obesity. 
 Previous research has examined the causal link between cigarette taxes and prices and 
obesity. Chou et al. (2004) show that higher cigarette prices reduce smoking rates and are 
linked with higher rates of obesity. Gruber and Frakes (2006) perform an analysis similar to 
Chou et al. (2004), however, in contrast to Chou et al., Gruber and Frakes find reduced smoking 
actually leads to lower body weights. However Gruber and Frakes’ results imply very large 
effects of smoking on body weight and thus they are unable to confirm that reduced smoking is 
a major contributor to rising obesity in the U.S.  
 We begin by performing studies similar to the report from the U.S. Department of 
Health and Human Services (1990) to examine how results from our data compare to the 
previous literature. We first examine the effects of smoking cessation on weight gain. We 
continue our comparative analysis by examining the effects of cigarette price and cigarette 
taxation on weight gain using methods similar to Chou et al. (2004) and Gruber and Frakes 
(2006). Results from our comparative analysis section confirm findings of the previous literature 
confirming that smoking cessation and cigarette prices are positively related to weight gain and 
cigarette taxes are negatively related to weight gain. We then examine the effects of four types 
of smoking ban legislation on the probability that one is a smoker, using methods similar to 
Black (2010), as well as an instrumental variables approach. We confirm Black’s finding that the 
presence of smoking bans lowers the probability that one is a smoker. We conclude by 
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examining the effects of smoking ban legislation and present our unique contribution to the 
literature by providing an update to Chou et al.’s (2004) paper. We implement OLS, Logit, and 
Two-Stage Least Squares regression models and find no compelling evidence that smoking ban 
legislation has a significant effect on levels of weight gain and obesity in the U.S. However, 
when we limit the sample to those who identify as current smokers we are able to identify a 
positive and economically significant relationship between smoking bans and BMI. 
2.2       Background  
Smoking on Weight Gain 
 Several researches have examined the effect of smoking on weight. Caan et al. (1996) 
show that post-cessation weight gain is transient, slowing down after 6 months once energy 
intake returns to baseline levels. Similar to U.S. Department of Health and Human Services 
(1990), they also find that weight gain may cause relapse. In their study women gained, on 
average 9.9 pounds over a 1-year period. Froom et al. (1999) in a study of occupationally active 
men in Israel show that weight gain before this equilibrium may be present for several years. 
Mizoue et al. (1998) examine workers and found that heavy smokers experience large weight 
gains and weigh more than never smokers in the few years after smoking cessation, they 
thereafter lose weight to the never smoker level. Further, they find that light and moderate 
smokers gain weight, but only up to the never smoker level. Pinkowish (1999) finds that 
individuals who quit smoking typically gain weight. John et al. (2005) find that the number of 
cigarettes smoked per day was positively related to being overweight upon cessation and more 
so to obesity among former smoking men, but not women. 
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 Even the perception that quitting smoking will lead to weight gain is enough to prevent 
cessation. Concerns of weight gain are deterrents to many who would like to quit smoking. 
These concerns could also cause a former smoker to relapse by using smoking as a control 
mechanism for weight gain (Caan et al., 1996). From the 1986 Adult Use of Tobacco Survey 
current smokers who had returned to smoking were asked why they returned to smoking. 
Twenty-seven percent reported that actual weight gain was an important factor for their return 
to smoking and 22 percent said that possibility of gaining weight was reason enough for their 
relapse (U.S. Department of Health and Human Services, 1990). 
Smoking Bans and Obesity 
Farrelly et al. (1999) use data from the Current Population Study – Tobacco Use 
Supplements data from 1992 and 1993 to examine self-reported workplace smoking bans. 
When a workplace made the change from no ban to a complete ban smoking prevalence fell by 
5.7 percentage and average daily consumption dropped by 14 percent. If the workplace still 
allowed smoking in certain areas, such as break rooms or common areas the effects of the bans 
were halved. Smoking prevalence was lowered by only 2.6 percent and average daily 
consumption fell by 8 percent. Partial work place bans had no effect on smoking prevalence, 
but did reduce average daily consumption by roughly 3 percent. 
 Evans et al. (1999) investigate whether workplace smoking bans reduce smoking 
prevalence and smoking intensity among workers. They estimate that workplace bans reduce 
smoking prevalence by at least 5 percent and average daily consumption by 10 percent. 
Furthermore, their study found that the effects of the bans increased the longer the workweek 
and the more restrictive the ban. 
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Czart (2001) examines the effect of cigarette prices, clean indoor air laws and campus-
level smoking policies on the smoking behaviors of college students using a dichotomous 
indicator of daily smoking participation in the past 30 days with OLS, Probit and Logit model 
specifications. The article provides evidence to support the argument that higher cigarette 
prices discourage both smoking participation and the level of smoking among young adults. 
Smokers living in areas with comprehensive state and local restrictions appear to smoke less. 
However, smoking restrictions on college campuses tend to only be effective at curbing 
smoking when then are actively enforced.  
Fichtenberg and Glantz (2002) poured over 26 studies that examined private worksites 
which had enacted smoking restrictions. They state that smoke-free workplaces not only 
protect non-smokers from passive smoking, but also have the effect of encouraging smokers to 
quit or reduce their consumption. Their principle findings were that totally smoke-free 
workplaces are associated with reductions in smoking prevalence of 3.8 percent fewer 
cigarettes smoked per day per continuing smoker. Reduced consumption of 1.3 cigarettes per 
day per employee comes about through the combination of the effects of reduce prevalence 
and lower consumption per smoker. They estimate that if all workplaces were to become 
smoke free, consumption per capita in the entire population would drop by 4.5 percent in the 
United States and 7.6 percent in the United Kingdom. 
Levy and Friend (2003) review the research on the effects of smoking bans on smoking 
rates and compare the results to other studies examining workplace bans. In total, they 
reviewed 18 studies. They find similar results to Fichtenburg and Glantz (2002), specifically that 
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extensive smoking bans are associated with lower smoking prevalence and cigarette 
consumption. They find that the presence of smoking bans reduced smoking prevalence by 5 to 
20 percent. However, it should be noted that all but one of the studies they examined reviewed 
legislation that was enacted prior to 1994. As can be seen below in Figure 1 total smoking bans 
were very rare in 1994 and previous years.  
Goel and Nelson (2006) perform a survey of the literature focusing on government 
efforts to curb the use of undesirable goods, notably tobacco products. Their paper examined 5 
international studies as well as 5 studies in the United States which looked at smoking control 
measures using data from the 1970s to the 1990s. They concluded that in most cases smoking 
restrictions were effective in reducing smoking.  
Kenkel and Wu (2008) delve into the impact of restaurant smoking bans on demand for 
smoking and restaurant food. They work with data from the Simmons National Community 
Survey (NCS) and the Consumer Expenditure Survey (CES). The NCS contains information on 
respondents restaurant-going while the CES is used to measure household expenditures on 
food away from home. They also implement data on smoking bans in restaurants from a 
database constructed by the American Nonsmokers’ Rights foundation (ANRF). The database 
contains detailed information on states and municipalities with 100 percent smoke free 
restaurants laws and the dates when the laws became effective. They create a ban variable that 
captures the percentage of the population that is affected by the smoking ban. They note that 
within survey wave variation in restaurant bans may be potentially endogenous. The 
unobserved differences are captured by the error terms in their models. In order to account for 
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differences across states they include a direct measure of state anti-smoking sentiment from 
the Tobacco Use Supplements of the Current Population Survey. The results of their Tobit 
model specification show that smoking bans increase food expenditures by nonsmokers slightly 
and has no significant effect on smokers’ expenditures food expenditures. They also find 
insignificant effects of smoking bans on daily cigarette consumption, smoking cessation 
attempts, or successful cessation among smokers.  
Black (2010) examines the effects of complete smoking bans in bars, restaurants and 
workplaces on smoking prevalence and intensity. Black implements data from the Tobacco Use 
Supplements of the Current Population Survey from 1995 – 2007. Black uses a probit 
specification to examine the effects of smoking ban implementation on smoking status. Black 
examines smoking in workplaces, bars and restaurants individually. His results suggest that 
complete smoking bans have little effect on smoking prevalence and have a mixed effect on 
smoking intensity. Black’s findings could be strengthened by reexamining his question with 
more recent smoking ban data. Since 2007 many more states have implemented smoking bans 
in bars, restaurants and workplaces and the increased variation in smoking bans could lead to 
stronger results for his paper. 
Liu et al. (2010) use self-reported workplace smoking bans as an instrumental variable 
for smoking to examine the relationship between smoking and body weight in a two-stage least 
squares estimation. They utilize data from the BRFSS for the years 1996-2006. They find that 
current smokers have were have BMI levels ranging from 1.8 - 3.6 indexes lower and were 9.4 – 
18.5 percentage points lower in likelihood of obesity. Their results imply that while tobacco 
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control policies are effective at reducing smoking, they may have an unintended consequence 
of increasing obesity. 
Anger et al. (2011) investigate the short-term effects of public smoking bans on 
individual smoking behavior in Germany. State level smoking bans were introduced in the 
country in 2007 and 2008. They exploit the time variation in the implementation of smoking 
bans to identify the effects that the bans had on individual’s smoking propensity and intensity 
using data from the German Socio-Economic Panel Study. The results show that in the short-
term, smoke free policies did not change the population’s average smoking behavior; both 
smoking intensity and overall cigarette consumption were relatively unaffected. However, 
individuals who went out to restaurants and bars more often and were more affected by the 
bans, did adjust their smoking behavior. They found that these individuals had a lower 
propensity to smoke, had a reduced likelihood to smoke regularly and lowered their daily 
consumption of cigarettes following the implementation of smoking bans. Their findings 
indicate that smoking bans can be an effective tobacco control policy at least for certain 
subgroups of the population and can provide important health benefits beyond reducing non-
smokers exposure to second-hand smoke. 
Cigarette Costs and Weight Gain 
We are currently aware of several papers that have attempted to provide a causal link 
between smoking and obesity. Two of the papers utilize the same BRFSS data, although with 
slightly different time periods. Chou et al. (2004) attempt to gain an understanding of the 
factors associated with the stability in obesity between the early 1960s and the late 1970s and 
the rapid increase since that time. They utilize repeated cross-sectional BRFSS data from 1984-
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1999. They augment the BRFSS data with data pertaining to the per capita number of fast food 
and full service restaurants, the prices of meals at each type of restaurant, the price of and 
amount of food consumed at home, the prices of cigarettes and alcohol and the presence of 
clean indoor air laws. They also control for individual-level measures of age, race, household 
income, years of formal schooling completed, and marital status.  They employ state fixed 
effects, a quadratic time trend, and use a reduced form model to calculate an elasticity, 0.025, 
of BMI with respect to changes in cigarette prices.  
The largest contribution to increasing trends in weight outcomes was the increase in the 
per capita number of restaurants, accounting for 61 percent of the actual growth in BMI and 65 
percent of the rise in the percentage of the obese. They find that increases in the real price of 
cigarettes ranks second, with a contribution roughly one-third as large as that due to 
restaurants. The three real food prices the authors considered also fell during their sample 
period, which also led to higher levels of weight gain. However, it is the combined force of the 
fall in all three prices that most affected changes in weight. Assessed alone, the change in each 
price was modest and had little explanatory power. Chou et al. also found that the rising 
prevalence of clean indoor air laws led to slight increases in BMI and the percentage of the 
population that is obese. They note the magnitude of the effect was very similar to the 
reduction in fast food restaurant prices. However, it is important to note that Chou et al.’s time 
frame was from 1984-1999. As this paper demonstrated in Figure 1, there were very few states 
which had implemented clean indoor air laws by 1999. The lack of variation in clean indoor air 
laws could have affected their results. 
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Gruber and Frakes (2006) begin by noting that there is a strong negative correlation 
over time between smoking rates and obesity. They also note that some suggest that the 
decline in smoking leads to increased levels of obesity and weight gain. They re-examine the 
work of Chou et al. (2004) by implementing BRFSS data from 1984-2002 and cigarette tax, 
rather than cigarette price data. They believe that the cigarette prices, used in Chou et al. 
(2004) may be potentially endogenous. They rely on variation within states based on local 
cigarette taxes for their analysis.  
Gruber and Frakes find evidence of a negative relationship between cigarette taxes and 
BMI. Their finding implies that the reduced smoking due to higher taxes decreases, rather than 
increases, weight. However, they note that these effect they estimate is very small. For 
example, according to their results a $1 increase in cigarette taxes would lower BMI by 0.15, or 
less than one percent of the sample mean. The same $1 increase would lower the odds of being 
obese by 0.015 percent, also roughly 1 percent of the sample mean.  
Gruber and Frakes note that there is the potential for reverse causality when using 
cigarette taxes (or prices) as a regressor. It could be that taxes (or prices) are reacting to the 
underlying trends in smoking and body weight. In order to address this concern they include 
state-specific time trend variables for each year of the data in their study. The interactions of 
each state dummy variable with a time trend will pick up generally increasing or decreasing 
body weight trends in each state that might be correlated with cigarette tax (or price) policy.  
Baum (2009) sought to update the literature by re-examining the conflicting findings 
regarding the relationship between cigarette costs and weight gain of Chou et al (2004) and 
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Gruber and Frakes (2006). He does so by controlling more carefully for time-variant state-
specific factors that might be correlated with state cigarette taxes and prices and utilizing the 
National Longitudinal Survey of Youth (NLSY79) panel data. He replicates the findings of Chou et 
al. and Gruber and Frakes and then attempts to identify the effects of cigarette costs on a sub-
sample who are likely to be affected by cigarette costs and compares the results to a 
comparison group that is unlikely to be affected by cigarette costs. The results of his study show 
that cigarette costs significantly increase BMI and the prevalence of overweight and obese 
people. He also finds that the increases in weight gain are more concentrated among younger 
and low-income individuals. He also notes that lagged cigarette costs have stronger positive 
effects on weight gain measures than the effects of contemporaneously measured cigarette 
costs. He concludes that the conflicting findings in the literature are due to correlation between 
state cigarette costs and state-specific time trends. 
Courtemanche (2009) examines cigarette prices and taxes and their effect on weight 
gain and obesity. His study utilizes data from the NSLY and BRFSS data sets. He shows that 
including lags of prices/taxes causes the different methodologies in the literature to produce 
the same result. Namely, that higher cigarette costs are associated with reductions in BMI and 
obesity in the long run. 
We extend this literature by applying a methodology similar to Gruber and Frakes (2006) 
and Chou et al. (2004) and updating Chou et al.’s (2004) early work with smoking bans. We 
utilize the same cigarette tax and price data as well as BRFSS data and augment the data with 
information on state-level smoking bans to examine the effects of smoking ban policy on levels 
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of weight gain. All of these studies lead us to believe that there will be effects on smoking 
prevalence and consumption upon enactment of a smoking ban.  
2.3       Data  
Our primary data source is the Behavioral Risk Factor Surveillance System (BRFSS). The 
BRFSS is a nationally representative telephone survey of persons aged 18 or older in the United 
States and has been conducted by state health departments with the help of the Centers for 
Disease Control (CDC).  The BRFSS collects data on several individual-level behavioral health risk 
factors associated with the leading causes of premature mortality and morbidity among adults, 
chronic health conditions, and use of preventative services. Fifteen states took part in the initial 
study in 1984 and by 1994, all 50 states and the District of Columbia became involved. Currently 
the BRFSS conducts more than 400,000 adult surveys annually. Each year the survey includes 
more respondents. Our sample consists of cross-sections from years 1995-2012 and contains 
roughly 3.1 million observations. 
Of particular interest to this study is the system’s information on self-reported smoking 
status, demographic characteristics, and height and weight measures. Self-reported height and 
weight allow for our calculation of the Body Mass Index (BMI) of each respondent4. We create 
dummy variables indicating whether each respondent is a current smoker, a former smoker, or 
has never smoked. We exclude respondents who are older than age 65 in order to minimize the 
impact of more general health factors associated with older people and help focus our analysis 
on our behavioral factors of interest. We also exclude respondents below age 25 in order to 
                                                          




eliminate those who may have smoked sporadically during their college years. We also control 
for whether or not a person has had any form of light exercise during the past 30 days5. We also 
include data on whether respondents are currently employed, their income level, education 
level, marital status, and race.  
We match our data with smoking ban data from the CDC’s State Tobacco Activities 
Tracking and Evaluation System (STATE) and cigarette excise tax and price data from The Tax 
Burden on Tobacco (Orzechowski and Walker, 2011). The STATE system is an interactive 
application that displays and houses current and historical state-level data on tobacco use, 
prevention, and control. From the STATE system we extract data on state level smoking bans, 
cigarette taxes, and cigarette price. Data on state-level smoking bans are reported quarterly 
and we use the data from the 4th quarter of each year to construct four specific dummy 
variables denoting whether states impose smoking bans in bars, restaurants, private 
businesses, and government offices. A smoking ban in a bar or restaurant prohibits smoking in 
any bar or restaurant establishment in the state, while if a private worksite ban is enacted, 
smoking is banned in all other private worksites. A government smoking ban prohibits smoking 
inside all government facilities within that particular state. As shown in Figure 1 we begin with 
data from 1995 and our sample period runs through 2012, the most recent year for which the 
BRFSS is available. We do not account for local level smoking bans within states. 
We utilize data from The Tax Burden on Tobacco which contains data on cigarette 
taxation, sales, and price data dating back to as early as 1921. Cigarette tax data vary by year 
                                                          
5 The BRFSS asks respondents whether or not they have participated in any physical activities or exercises such as 
running, calisthenics, golf, gardening, or walking for exercise, other than their regular job, during the past month. 
21 
 
and state. Cigarette price data is the average price of a 20-count pack of cigarettes in each state 
for each year. 
As reported in Table 1, our sample consists of roughly 3.1 million observations spanning 
from 1995-2012. The average BMI level in our sample is 27.20 which implies that the average 
participant in our sample is overweight. Among those who are overweight, 26 percent meet the 
CDC’s classification for obesity. Roughly 80 percent of participants in our sample are white, 8 
percent are black, 6 percent are Hispanic, and 4 percent are Asian or a Pacific Islander. Around 
42 percent of participants in the sample are male and the average age of participants is 46 
years old. Seventy-two percent of participants are employed, 22 percent are not in the labor 
force, and 5 percent are unemployed. Approximately 77 percent of the sample exercised in the 
past month. Finally, 22 percent of individuals in our sample reported that they are current 
smokers, 25 percent report that they are former smokers, and 53 percent report having never 
smoked. 
It is interesting to observe how our key variables change from 1995 to 2012. For 
instance, the average BMI level in 1998 was 25.80 and by 2012 it had risen to 27.79. The 
average participant in our sample meets the CDC’s classification for being overweight in 1995 
and 2012. More shocking is the increase in the prevalence of obesity (BMI ≥ 30). In 1995, 19 
percent of our sample was obese and by 2012 this share has increased to 30 percent. We can 
also see the trend of falling smoking by examining the percentage of our sample that are 
smokers over our sample period. Twenty-six percent of our sample are smokers in 1995 and by 
2012 only 20 percent of our sample continue to smoke. Real cigarette taxes have nearly tripled 
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over the sample period rising from $0.47 in 1995 to $1.49 in 2012. The real price of a pack of 
cigarettes has nearly doubled starting at $1.97 in 1995 and increasing to $4.48 by 20126.  
Also noteworthy are the changes in state-level clean indoor air laws, or smoking bans. 
Shown in Figure 1, in 1995 there was no state that had a state-level smoking ban in bars or 
private establishments. Also in 1995 only 2.6 percent of states had enacted smoking bans in 
restaurants and 20 percent of states had bans in government offices. By 2012 smoking bans 
have become much more prevalent. In 2012, 59 and 68 percent of states have enacted indoor 
smoking bans in bars and restaurants respectively. Bans in government and private workplaces 
have spread to 75 and 70 percent of states respectively. 
2.4       Methods 
We believe that smoking bans may affect an individual’s weight through different 
channels. For instance, a smoking ban in a workplace may reduce the opportunities that an 
individual has to smoke. As a result, there may be a substitution effect in which an individuals 
has a small snack instead of going out of the office for a cigarette. A smoking ban in a 
restaurant may encourage smokers to instead stay at home and cook for themselves which 
could lead to an effect on their weight. Conversely a smoking ban in a restaurant may also 
increase the amount of food an individual consumes at a restaurant. Instead of having a 
cigarette after a meal, an individual might stay for dessert rather than going outside for a 
cigarette. Restaurant bans might also increase the number of nonsmokers who eat out at 
restaurants since they would no longer be bothered by cigarette smoke while eating. This effect 
                                                          
6 Cigarette prices and taxes are adjusted for inflation to 2013 dollars. 
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could increase levels of weight gain for nonsmokers as well. Bar bans may lead to an increased 
effect on weight gain also. Individuals may instead   
The primary focus of our analysis attempts to estimate the effect of smoking bans on 
different measures of body weight. However, before we present our primary analysis, we 
estimate a series of preliminary models to gauge how our data and methodology compare to 
results found in previous studies. First, since our basic premise rests on the idea that a smoking 
ban could affect a person’s smoker status, which in turn affects BMI, we begin with a simple 
model to test whether variation in smoking status is related to BMI. This model has been 
estimated in the previous literature; we simply reconsider this model to test whether results 
using our data differ from those in the previous literature. We then move on to estimate the 
effect of cigarette taxes and prices on BMI and the probability that one is a smoker, primarily to 
compare to Chou et al. (2004) and Gruber and Frakes (2006).  We then move on to our 
particular contribution by examining first how smoking bans affect the probability that one is a 
current smoker, and then we reach our final analysis in which we examine the effect of smoking 
bans on BMI. The way in which our analysis proceeds is summarized as follows: 
Effects of smoking status on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛽0 +  𝛽1𝑆𝑀𝑂𝐾𝐸𝑅𝑖𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 + 𝜏𝑗 +  𝛾𝑡 + 𝜃𝑡 +  𝜀𝑖𝑗𝑡  (1) 
The effects of cigarette taxation and cigarette price on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛽0 + 𝛽1𝑍𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝜏𝑗 + 𝛾𝑡 + 𝜃𝑡 +  𝜀𝑖𝑗𝑡  (2) 
The effects smoking bans on the probability that one is a smoker 
𝑃 (𝑆𝑚𝑜𝑘𝑒𝑟)𝑖𝑗𝑡 =  𝛽0 +  𝛽1𝐵𝐴𝑁𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝛽3𝑍𝑗𝑡  + 𝜏𝑗 +  𝛾𝑡 + 𝜃𝑡 +  𝜀𝑖𝑗𝑡 (3) 
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The effects smoking bans on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛽0 +  𝛽1𝐵𝐴𝑁𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝛽3𝑍𝑗𝑡 + 𝜏𝑗 +  𝛾𝑡 + 𝜃𝑡 + 𝜀𝑖𝑗𝑡   (4) 
where 𝑖 indexes individuals, 𝑗 indexes the states, 𝑡 indexes the years, BMI represents the body 
mass index or a dummy variable indicating whether an individual is obese.  
𝑆𝑀𝑂𝐾𝐸𝑅 is a dummy variable representing a person’s smoker status. Smoker status is 
divided into three categories: smoker, former smoker, and never smoker. We further condense 
our definition of smoker status by combining the smoker and former smoker categories into a 
fourth category that we call ever smoker. 𝐵𝐴𝑁 represents four specific dummy variables 
denoting the four types of state-level smoking bans: restaurant bans, private establishment 
bans, government facility bans, and bar bans. We estimate regression models for each of the 
four types of smoking ban individually.  
We control for demographic characteristics and we include year and state fixed effects; 
overall our set of control variables largely mirrors the approach used in Gruber and Frakes 
(2006). 𝑋 is a matrix of individual specific characteristics: gender, age, marital status, 
employment, education, race, and income. 𝑍 is a matrix of state specific characteristics 
including: cigarette taxes, the average after tax price of a pack of cigarettes for each year in our 
sample, and the annual unemployment rate in each state. Finally, 𝜏𝑗, 𝜃𝑡 and 𝛾𝑡 represent year, 
month and state fixed effects.  
In equation 1, we estimate an individual’s BMI using a basic fixed effects regression 
specification with state-clustered standard errors.7 In equation 2 we estimate the effect of 
                                                          




cigarette prices and cigarette taxes on BMI. In equation 3 we estimate the effect of smoking 
bans on an individual’s smoker status using a fixed effects logit model with state-clustered 
standard errors. Finally, in equation 4 we estimate the effects of smoking bans on BMI again 
using a fixed effects OLS specification with state-clustered standard errors. 
The familiar problem of endogeneity could potentially bias our coefficient estimates. In 
particular, it is possible that the decision to implement a smoking ban may not be a strictly 
exogenous decision. Rather, the decision to impose such a ban may be correlated with some 
other factor that is excluded from our model that is also correlated with obesity. For instance, 
some cultural element that applies to states may be related to obesity in the state as well as to 
whether a state imposes a smoking ban. 
Our first approach to overcoming this potential bias is by including state fixed effects in 
our model. If the unobserved factor that is related to obesity as well as to the adoption of 
smoking bans is relatively time-invariant across states, then state fixed effects should capture 
that factor. Some have suggested that in certain situations such an approach can be effective in 
overcoming omitted variable bias in this context. Besley and Case (1994) examine the incidence 
of endogenous policies. In their paper, they explore the use of different methods for estimating 
policy incidence in the face of potential policy endogeneity by examining worker’s 
compensation benefits data. In cases where a researcher is lacking a valid instrument, they 
suggest a fixed effects specification. The authors conclude, “More generally, cross-state fixed 
effect estimation and difference-indifference estimation can be interpreted as instrumental 
variable estimation (Besley and Case, 1994, p. 23).”  
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Similar to the methodology used in Baum (2009), we also perform some falsification 
tests by examining the effect of smoking bans on individuals who have never smoked. In any 
regression where we examine the effects of a policy on smokers, we also run the same 
regressions on never smokers. That is, in cases where the variable “smoker” or “ever smoker” is 
the dependent variable, we run the same regressions with “never smoker” as the dependent 
variable. Policies intended to solely affect smokers should have no effect on individuals who do 
not smoke. 
Even though a fixed effects specification should be appropriate, we also estimate a two 
stage least squares8 (2SLS) model with year fixed effects in an attempt to address the omission 
of variable relating to the smoking culture of a state using tobacco production in 1975 as our 
instrument. We believe that this figure on historic tobacco production may appropriately serve 
to explain sentiment toward tobacco-related laws, including smoking bans, but may be strictly 
exogenous to the model otherwise. Using the same instrument, we also estimate IV Probit9 
models with year fixed effects in attempt to estimate the effects of smoking bans on the 
probability that one is a smoker as well as the probability that one is obese10. 
                                                          
8 2SLS regressions are run using the STATA command “ivreg”. First stage regressions are not reported but are 
available upon request. 
9 IV Probit models are run using the STATA command “IV Probit”. Results are not reported but are available upon 
request. 
10 Due to questionable results, we have decided not to report the results of our instrumental variables 
specification. These results are available upon request. 
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2.5       Results 
 Now we turn to our results. We begin with results from models in which we estimate 
BMI and the probability of being obese as a function of smoker status, which is summarized as 
follows: 
Effects of smoking status on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛼 + 𝛽1𝑆𝑀𝑂𝐾𝐸𝑅𝑖𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝜏𝑗 +  𝛾𝑡 +  𝜀𝑖𝑗𝑡 (1) 
Our results are shown in Table 3 and provide evidence in favor of the hypothesis that 
current smokers will have a lower BMI and lower probability of being obese and former 
smokers will have a higher BMI and higher probability of being obese both relative to those 
who have never smoked. Using a standard fixed effects OLS model with state-clustered 
standard errors, we estimate that being a current smoker reduces BMI by a coefficient of -1.251 
whereas BMI is estimated to be 0.250 higher for former smokers, both in comparison to 
someone who has never smoked.  These coefficients imply that BMI is one-fourth of a standard 
deviation lower for current smokers relative to never smokers. BMI is 0.1 of a standard 
deviation higher BMI for former smokers compared to those who have never smoked. Both of 
these results are significant at the 1 percent level.  
The results from Table 3 are similar to those found by U.S. Surgeon General (1990), Caan 
et al. (1996), Mizoue et al (1998), and Pinkowish (1999) who also found significant differences 
in weight across smoking status. Specifically, relative to those who have never smoked, we find 
that former smokers have higher levels of BMI and probabilities of being obese. Also, relative to 
never smokers, current smokers have lower levels of BMI and lower probabilities of being 
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obese. Overall, our data and methodology do not produce results that differ substantially from 
the existing literature regarding the relationship between smoking status and obesity. 
The effects of cigarette taxation and cigarette price on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛼 + 𝛽1𝑍𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝜏𝑗 +  𝛾𝑡 +  𝜀𝑖𝑗𝑡  (2) 
In this section we analyze the effects of cigarette taxation and cigarette price on BMI. 
We control for demographic characteristics and state, month and year fixed effects. Based on 
the results from Chou et al. (2004), we expect that cigarette prices will have a positive effect on 
BMI. Also, based on the results from Gruber and Frakes (2006), we expect that cigarette taxes 
will have a negative effect on BMI. Results from these models are presented in Table 4.11 
Our results fail to identify a statistically significant relationship between cigarette taxes 
and BMI. Using OLS models we estimate a coefficient of -0.036 for cigarette taxes and -0.017 
for cigarette prices. Our control variables take their expected signs. For instance we estimate a 
positive relationship between age and BMI. This result makes sense as we believe that in 
general as individual’s age, they are more likely to weigh more. 
Our results on the effects of cigarette price on BMI are contrary to those found by Chou 
et al. (2004). They find a positive effect of cigarette prices on BMI and the probability that one 
is obese and we fail to find a statistically significant relationship. Like Gruber and Frakes (2006) 
we find a negative relationship between cigarette taxes and BMI, again however our results are 
statistically insignificant.  
                                                          
11 In this section we examine cigarette price and tax independently. In the following sections we include them in 
regressions together as control variables. 
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The effects smoking bans on the probability that one is a smoker 
𝑃 (𝑆𝑚𝑜𝑘𝑒𝑟)𝑖𝑗𝑡 =  𝛼 +  𝛽1𝐵𝐴𝑁𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 +  𝛽3𝑍𝑗𝑡  + 𝜏𝑗 +  𝛾𝑡 +  𝜀𝑖𝑗𝑡 (3) 
In this section we examine the effects of smoking bans on the probability that one is a 
smoker. We analyze four different types of smoking bans in our analysis: private establishment 
bans, bar bans, government office bans, and restaurant bans. Based on results from Evans et al. 
(1996) who found that workplace smoking bans reduce smoking prevalence and average daily 
cigarette consumption, we believe that smoking bans will reduce the likelihood that one is a 
smoker. Using a Logit specification with state-clustered standard errors we examine each of the 
four types of bans individually and also all four at the same time. Also, we examine the effect of 
the effect of smoking bans on smoker status for current, former and never smokers. In our 
sample 22 percent of individuals are current smokers. 
Shown below in Table 5 are our results from this section of our analysis. We estimate 
marginal effects of -0.004, -0.003, 0.001, and -0.003 for bar, private, government and 
restaurant bans respectively. Only the bar ban result is significant at the 5 percent level. This 
implies that if a bar ban is in place, an individual is 0.4 of a percentage point less likely to be a 
smoker relative to the sample mean of 22 percent. Since all of the other ban variables have 
such small, insignificant effects, we conclude that they have no effect on the likelihood that an 
individual is a smoker.12  
                                                          
12 We also estimate models with all four bans included in the regression at the same time and the results do not 
differ dramatically from estimating each ban individually. If a bar, private or government ban is in place, we find 
that individuals are 0.4, 0.4 and 0.2 percentage points less likely to be smokers relative to the sample mean. If a 
government ban is in place we find that individuals are 0.3 percentage points more likely to be smoker. These 
results are available upon request. 
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We also perform regressions to examine the effect of smoking bans on individuals who 
have never smoked as a falsification test. These results are presented in Table 6. We estimate a 
range of marginal effects of -0.004 – 0.004 for the four smoking bans when examined 
individually. None of these results are significant. This results reinforces strengthens our finding 
of a negative relationship between the implementation of a bar ban the likelihood that one is a 
smoker presented in Table 5. 
Results are mixed when examining the effects of smoking bans on the probability that 
one is a smoker. In certain specifications smoking bans reduce the likelihood that one is a 
smoker, while in others, however, it should be noted that in all cases the magnitudes of the 
coefficients were very small.13 
The effects smoking bans on BMI 
𝐵𝑀𝐼𝑖𝑗𝑡 =  𝛼 + 𝛽1𝐵𝐴𝑁𝑗𝑡 + 𝛽2𝑋𝑖𝑗𝑡 + 𝛽3𝑍𝑗𝑡 +  𝜏𝑗 +  𝛾𝑡 +  𝜀𝑖𝑗𝑡 (4) 
In this section we arrive at our unique contribution to the literature. We analyze the 
effects of smoking bans on BMI. We examine each ban individually using an OLS specification 
with fixed effects. Since smoking bans lower smoking prevalence and smoking cessation leads 
to higher levels of BMI, our primary hypothesis is that increasing the prevalence of smoking 
bans will lead to higher levels of BMI. Results for regressions on BMI are presented in Table 7 
and Table 8. 
                                                          
13 Finally in this section we attempt an instrumental variables analysis using an IV Probit model. We use 1975 state-
level tobacco production as an instrument to represent state cultural attitudes towards tobacco. Our instrument is 
significant at the 1 percent level in the first stage and we find significant coefficients for all bans in the second 
stage. We estimate marginal effects of 0.090, -0.079, -0.15, and -0.16 for bans in bars, private establishments, 
government workplaces and restaurants respectively. However, these results are so large that we question them 
and have decided to omit them from discussion. These results are available upon request. 
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Presented in Table 7 are results estimating the impact of smoking bans on BMI for our 
entire sample. In regressions with our fixed effects OLS model we estimate coefficients for bar, 
private, government, and restaurant bans of -0.043, 0.010, 0.013, and -0.006 respectively. None 
of these coefficients are significant leading us to believe that there is no effect on of smoking 
bans when we examine the whole sample14.  
In Table 8 we restrict the sample to those who identify as current smokers. In 
regressions where the sample is limited to current smokers we estimate a positive relationship 
between smoking bans and BMI. We estimate coefficients of 0.065, 0.052, and 0.075 for 
private, government and restaurant bans respectively. These results for these three bans are 
significant at the 5 percent level. We estimate a coefficient of 0.021 for bar bans, however, this 
result is statistically insignificant. These results show that smoking bans seem to have an effect 
on the weight of those most likely to be affected by them, current smokers. However, there 
seems to be no effect on body weight on never and former smokers due to the implementation 
of a smoking ban. 
Our control variables are robust to different specifications and do not change sign or 
magnitude when we run regressions on different bans. We find that as a person ages they are 
likely to have a higher level of BMI, although the effect is very small. Men are more likely to 
have higher BMI’s, roughly 1/6 of a standard deviation higher than women. Those with higher 
incomes and a higher education level have lower BMI levels. Those who are unemployed and 
                                                          
14 We also run regressions with all four bans in the model simultaneously. In our OLS specification we estimate 
coefficients of -0.109, 0.041, 0.017 and 0.042 for bar, private, government and restaurant bans respectively. These 
results are not discussed here, but are available upon request. 
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those not in the labor force have lower BMI levels relative to those in the labor force. However, 
the effects are very small. Single and divorced individuals have lower BMI levels relative to 
married couples. Blacks have 1/3 of a standard deviation higher BMI levels relative to whites. 
Hispanics have higher BMI levels relative to whites. The majority of our results are significant at 
the 99 percent level.15 
2.6       Conclusion 
In this paper we attempt to examine the effect of clean indoor air legislation on an 
individual’s BMI. In an exploratory analysis, with our data we are able to produce similar results 
to the previous literature. In particular, our data and model indicate that smoking cessation 
leads to higher levels of weight gain, just as with U.S. Surgeon General (1990), Caan et al. 
(1996), Mizoue et al (1998), and Pinkowish (1999). In our analysis of cigarette prices our results 
differ from those of Chou et al. (2004). Chou et al. find a positive relationship between cigarette 
prices and BMI while we find that cigarette prices have little to no effect. We find similar results 
to Gruber and Frakes (2006) we analyze the effects of cigarette taxes on BMI, namely we find a 
negative relationship between cigarette taxes and BMI and the probability that one is obese.  
We also find that the implementation of smoking bans lowers the probability that one is a 
smoker in cases where a bar ban has been enacted, however, this result is very small. When we 
apply these data to the new question of how smoking bans relate to weight gain, our results are 
                                                          
15 To conclude our analysis of the potential unintended consequences of smoking ban legislation, we also estimate 
the effects of smoking bans on BMI and the probability that an individual is obese using a Two-State Least Squares 
and IV-Probit model specification using state-level tobacco production in 1975 as an instrument for state tobacco 




unable to confirm that the hypothesis that smoking bans could have the perverse effect of 
increasing weight gain or obesity. We do find a positive and statistically significant relationship 
between smoking bans and weight gain when we limit the sample to those who identify as 
current smokers, however, the statistical significance of this result disappears when we 
examine the effect of smoking bans on the entire sample. 
In the future we would like to pursue this topic further. Future analyses would seek to 
implement better controls for unobserved heterogeneity across states. Also future work could 
perhaps be strengthened by modifying our smoking ban variables. Implementing data on 
smoking bans at the local or county level would be a great start.   
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2.7       Tables and Figures 


































Source: CDC State Tobacco Activities Tracking & Evaluation System (STATE); data from the  4th quarter of each year
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Table 1: Total sample summary statistics 
BMI 27.20 (0.003) 
Obese 0.26  (0.0003) 
Age 46.35 (0.007) 
Exercise Past Month 0.77 (0.0002) 
Single 0.13 (0.0002) 
Married 0.62 (0.0003) 
Divorced 0.16 (0.0002) 
Widowed 0.039 (0.0001) 
Separated 0.028 (0.0001) 
Unmarried Couple 0.027 (0.0001) 
Less than High School 0.020 (0.00008) 
Some High School 0.050 (0.0001) 
High School Grad 0.27 (0.0003) 
Some College 0.28 (0.0001) 
College Grad 0.38 (0.0003) 
White 0.80 (0.0002) 
Black 0.083 (0.0002) 
Hispanic 0.063 (0.0001) 
Asian/Pacific Islander 0.039 (0.0001) 
Other Race 0.074 (0.0001) 
Male 0.42 (0.0003) 
Employed 0.72 (0.0003) 
Unemployed 0.054 (0.0001) 
Not in Labor Force 0.22 (0.0002) 
Income 5.85 (0.0012) 
Bar Ban 0.27 (0.0003) 
Restaurant Ban 0.35 (0.0003) 
Government Ban 0.50 (0.0003) 
Private Ban 0.36 (0.0003) 
Cigarette Tax 1.10 (0.0005) 
Raw Cigarette Price 3.49 (0.0005) 
Unemployment Rate 5.92 (0.001) 
Smoker 0.22 (0.0002) 
Former Smoker 0.25 (0.0003) 
Never Smoker 0.53 (0.0003) 
Sample Size 3,066,984 
Note: Means and standard errors presented here. Standard 





Table 2: Selected years summary statistics 
 1995 2012 
BMI 25.80 (0.02) 27.79 (0.01) 
Obese 0.16 (0.001) 0.30 (0.0009) 
Age 42.06 (0.04) 48.50 (0.03) 
Exercise Past Month 0.73 (0.003) 0.79 (0.001) 
0. 
Single 0.14 (0.001) 0.14 (0.0007) 
Married 0.63 (0.002) 0.60 (0.001) 
Divorced 0.16 (0.001) 0.016 (0.0007) 
Widowed 0.034 (0.0005) 0.041 (0.0003) 
Separated 0.030 (0.0005) 0.027 (0.0003) 
Unmarried Couple 0.022(0.0005) 0.031 (0.0003) 
Less than High School 0.034 (0.0005) 0.016 (0.003) 
Some High School 0.061 (0.0008) 0.046 (0.004) 
High School Grad 0.32 (0.002) 0.26 (0.0009) 
Some College 0.28 (0.001) 0.28 (0.0009) 
College Grad 0.31 (0.002) 0.40 (0.001) 
White 0.86 (0.001) 0.74 (0.0008) 
Black 0.086 (0.0009) 0.091 (0.0006) 
Hispanic 0.055 (0.0007) 0.066 (0.0005) 
Asian/Pacific Islander 0.014 (0.0005) 0.046 (0.0004) 
Other Race 0.034 (0.0004) 0.086 (0.0006) 
Male 0.45 (0.002) 0.44 (0.001) 
Employed 0.77 (0.001) 0.68 (0.0009) 
Unemployed 0.039 (0.0006) 0.068 (0.0005) 
Not in Labor Force 0.19 (0.001) 0.25 (0.0008) 
Income 5.45 (0.006) 5.97 (0.004) 
Bar Ban 0 0.59 (0.0009) 
Restaurant Ban 0.026 (0.0005) 0.68 (0.0009) 
Government Ban 0.20 (0.001) 0.75 (0.0008) 
Private Ban 0 0.70 (0.0009) 
Cigarette Tax 0.47 (0.0008) 1.49 (0.002) 
Raw Cigarette Price 1.97 (0.0003) 4.48 (0.0007) 
Unemployment Rate 5.12 (0.003) 7.30 (0.003) 
Smoker 0.26 (0.001) 0.20 (0.0008) 
Former Smoker 0.23 (0.001) 0.26 (0.0008) 
Never Smoker 0.50 (0.002) 0.54 (0.001) 
Sample Size 71,748 252,165 




Table 3: Smoker Status and Weight Gain 
 Results from OLS Regressions 
 Dependent Variable: BMI 
Smoker -1.251 (0.047)** 
Former Smoker 0.250 (0.017)** 
Exercise Past Month -1.150 (0.024)** 
Age 0.035 (0.001)** 
Gender (Male=1) 1.169 (0.037)** 
Income -0.154 (0.007)** 
Less than High School 1.052 (0.062)** 
Some High School 1.184 (0.042)** 
High School Grad 1.025 (0.037)** 
Some College 1.035 (0.027)** 
Unemployed 0.025 (0.022) 
Not in Labor Force -0.104 (0.023)** 
Single 0.141 (0.029)** 
Divorced -0.243 (0.023)** 
Widowed -0.010 (0.025) 
Unmarried Couple -0.089 (0.029)** 
Black 1.726 (0.065)** 
Hispanic -0.184 (0.156) 
Asian/Pacific Islander -0.412 (0.195)* 
Other Race 0.727 (0.173)** 
Note: Standard errors in parentheses. ** results are significant at 
the 1% level and * are significant at the 5% level. State, month 
and year fixed effects employed in all regressions. All regressions 
use state-clustered standard errors. Only those age 25-65 





Table 4: Cigarette Taxes and Cigarette Prices on BMI 
 Results from OLS Regressions 
 BMI (Cig Taxes) BMI (Cig Prices) 
Cigarette Taxes -0.036 (0.025) 
 
- 
Raw Cigarette Prices - -0.017 (0.014) 
Exercise Past Month -1.056 (0.024)** -1.056 (0.024)** 
Age 0.040 (0.001)** 0.040 (0.001)** 
Gender (Male=1) 1.146 (0.039)** 1.146 (0.039)** 
Income -0.123 (0.007)** -0.123 (0.007)** 
Less than High School 0.895 (0.072)** 0.895 (0.072)** 
Some High School 0.875 (0.052)** 0.875 (0.052)** 
High School Grad 0.854 (0.041)** 0.854 (0.041)** 
Some College 0.920 (0.029)** 0.920 (0.029)** 
Unemployed -0.063 (0.025)* -0.063 (0.025)* 
Not in Labor Force -0.101 (0.022)** -0.101 (0.022)** 
Single 0.082 (0.029)** 0.082 (0.029)** 
Divorced -0.373 (0.028)** -0.373 (0.028)** 
Widowed -0.070 (0.026)** -0.070 (0.026)** 
Unmarried Couple -0.230 (0.031)** -0.230 (0.031)** 
Black 1.799 (0.065)** 1.800 (0.065)** 
Hispanic -0.008 (0.160) -0.009 (0.160) 
Asian/Pacific Islander -0.414 (0.184)* -0.414 (0.184)* 
Other Race 0.688 (0.153)** 0.688 (0.153)** 
Note: Standard errors in parentheses. ** results are significant at the 1% 
level and * are significant at the 5% level. State, month and year fixed effects 
employed in all regressions. All regressions use state-clustered standard errors. 
Only those age 25-65 included in regressions. Cigarette taxes and raw cigarette 





Table 5: Impact of Smoking Bans on the Probability That One is a Smoker: Results from Logit Regressions 
and Current Smokers P(smoker) = 0.22 P(smoker) (Bar) P(smoker) (Priv) P(smoker) (Govt) P(smoker) (Rest) 
Bar Ban -0.004 (0.002)* - - - 
Private Ban - -0.003 (0.002) - - 
Government Ban - - 0.001 (0.002) - 
Restaurant Ban - - - -0.003 (0.002) 
Exercise Past Month -0.065 (0.001)** -0.065 (0.001)** -0.065 (0.001)** -0.065 (0.001)** 
Age -0.003 (0.000)** -0.003 (0.000)** -0.003 (0.000)** -0.003 (0.000)** 
Gender (Male=1) 0.030 (0.002)** 0.030 (0.002)** 0.030 (0.002)** 0.030 (0.002)** 
Income -0.021 (0.000)** -0.021 (0.000)** -0.021 (0.000)** -0.021 (0.000)** 
Less than High School 0.189 (0.008)** 0.189 (0.008)** 0.189 (0.008)** 0.189 (0.008)** 
Some High School 0.313 (0.007)** 0.313 (0.007)** 0.313 (0.007)** 0.313 (0.007)** 
High School Grad 0.180 (0.004)** 0.180 (0.004)** 0.180 (0.004)** 0.180 (0.004)** 
Some College 0.138 (0.002)** 0.138 (0.002)** 0.138 (0.002)** 0.138 (0.002)** 
Unemployed 0.062 (0.002)** 0.062 (0.002)** 0.062 (0.002)** 0.062 (0.002)** 
Not in Labor Force 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 
Single 0.047 (0.003)** 0.047 (0.003)** 0.047 (0.003)** 0.047 (0.003)** 
Divorced 0.106 (0.003)** 0.106 (0.003)** 0.106 (0.003)** 0.106 (0.003)** 
Widowed 0.069 (0.003)** 0.069 (0.003)** 0.069 (0.003)** 0.069 (0.003)** 
Unmarried Couple 0.130 (0.005)** 0.130 (0.005)** 0.130 (0.005)** 0.130 (0.005)** 
Black -0.061 (0.006)** -0.061 (0.006)** -0.061 (0.006)** -0.061 (0.006)** 
Hispanic -0.108 (0.005)** -0.108 (0.005)** -0.108 (0.005)** -0.108 (0.005)** 
Asian/Pacific Islander -0.008 (0.011) -0.008 (0.011) -0.008 (0.011) -0.008 (0.011) 
Other Race 0.026 (0.004)** 0.026 (0.004)** 0.026 (0.004)** 0.026 (0.004)** 
Cigarette Tax -0.006 (0.001)** -0.006 (0.001)** -0.006 (0.001)** -0.006 (0.001)** 
Cigarette Price -0.001 (0.001) -0.001 (0.001) -0.001 (0.001) -0.001 (0.001) 
Unemployment Rate -0.002 (0.001)** -0.003 (0.001)** -0.002 (0.001)** -0.002 (0.001)** 
Note: Standard errors in parentheses. These marginal effects are calculated with a standard Logit model with state-clustered 
standard errors. ** results are significant at the 1% level and * are significant at the 5% level. State, month and year fixed effects 





Table 6: Falsification Tests: Impact of Smoking Bans on Never Smokers  
P(neversmoker) = 0.53 P(never) (Bar) P(never) (Priv) P(never) (Govt) P(never) (Rest) 
Bar Ban 0.004 (0.003) - - - 
Private Ban - 0.004 (0.003) - - 
Government Ban - - -0.003 (0.003) - 
Restaurant Ban - - - 0.002 (0.003) 
Note: This table presents falsification tests examining the effects of smoking bans on individuals who have never smoked and 
individuals who have formerly smoked. Control variables are not reported here but are available upon request. Standard errors in 
parentheses. These marginal effects are calculated with a standard Logit model with state-clustered standard errors. ** results 
are significant at the 1% level and * are significant at the 5% level. State, month and year fixed effects employed in all regressions. 
Only those age 25-65 are included in regressions. 
 
Table 7: Impact of smoking bans on BMI: Results from OLS Regressions 
 BMI (Bar) BMI (Priv) BMI (Govt) BMI (Rest) 
Bar Ban -0.043 (0.030) - - - 
Private Ban - 0.010 (0.026) - - 
Government Ban - - 0.013 (0.032) - 
Restaurant Ban - - - -0.006 (0.028) 
Exercise Past Month -1.056 (0.024)** -1.056 (0.024)** -1.056 (0.024)** -1.056 (0.024)** 
Age 0.040 (0.001)** 0.040 (0.001)** 0.040 (0.001)** 0.040 (0.001)** 
Gender (Male=1) 1.146 (0.038)** 1.146 (0.038)** 1.146 (0.038)** 1.146 (0.038)** 
Income -0.123 (0.007)** -0.123 (0.007)** -0.123 (0.007)** -0.123 (0.007)** 
Less than High School 0.895 (0.072)** 0.895 (0.072)** 0.895 (0.072)** 0.895 (0.072)** 
Some High School 0.875 (0.052)** 0.875 (0.052)** 0.875 (0.052)** 0.875 (0.052)** 
High School Grad 0.854 (0.040)** 0.854 (0.040)** 0.854 (0.040)** 0.854 (0.040)** 
Some College 0.920 (0.029)** 0.920 (0.029)** 0.920 (0.029)** 0.920 (0.029)** 
Unemployed -0.077 (0.025)* -0.063 (0.025)* -0.063 (0.025)* -0.063 (0.025)* 
Not in Labor Force -0.101 (0.022)** -0.101 (0.022)** -0.101 (0.022)** -0.101 (0.022)** 
Single 0.082 (0.029)** 0.082 (0.029)** 0.082 (0.029)** 0.082 (0.029)** 
Divorced -0.373 (0.028)** -0.373 (0.028)** -0.373 (0.028)** -0.373 (0.028)** 
Widowed -0.070 (0.026) -0.070 (0.026) -0.070 (0.026) -0.070 (0.026) 
Unmarried Couple -0.230 (0.031)** -0.230 (0.031)** -0.230 (0.031)** -0.230 (0.031)** 
Black 1.799 (0.066)** 1.799 (0.066)** 1.799 (0.066)** 1.799 (0.066)** 
Hispanic 0.009 (0.180) 0.008 (0.180) 0.008 (0.180) 0.008 (0.180) 
Asian/Pacific Islander -0.414 (0.190)* -0.414 (0.190)* -0.414 (0.190)* -0.414 (0.190)* 
Other Race 0.688 (0.175)** 0.688 (0.175)** 0.688 (0.175)** 0.688 (0.175)** 
Cigarette Tax -0.034 (0.027) -0.041 (0.027) -0.040 (0.027) -0.040 (0.027) 
Cigarette Price -0.020 (0.014) -0.027 (0.014) -0.027 (0.014) -0.026 (0.014) 
Unemployment Rate -0.006 (0.013) -0.002 (0.013) -0.003 (0.013) -0.004 (0.013) 
Note: Standard errors in parentheses. These estimates are calculated using a standard OLS model with state-clustered standard 
errors. ** results are significant at the 1% level and * are significant at the 5% level. State, month and year fixed effects employed 







Table 8: Impact of Smoking Bans on BMI. Limit Sample to Current Smokers 
Current Smoker BMI (Bar) BMI (Priv) BMI (Govt) BMI (Rest) 
Bar Ban 0.021 (0.034) - - - 
Private Ban - 0.065 (0.029)* - - 
Government Ban - - 0.052 (0.029)* - 
Restaurant Ban - - - 0.075 (0.032)* 
Note: This sample is limited to individuals who currently smoke. Control variables are not reported here but are available upon 
request. Standard errors in parentheses. These marginal effects are calculated with a standard Logit model with state-clustered 
standard errors. ** results are significant at the 1% level and * are significant at the 5% level. State, month and year fixed effects 






3. “How does WIC Affect Health Outcomes? A Fuzzy Regression 
Discontinuity Approach.” with Tami Gurley-Calvez and Brian Hill 
3.1       Introduction 
Early life health outcomes are important determinants of long-term health, education, 
and labor market outcomes. Low birth weight has significant long-term effects on self-reported 
health status as well as educational and labor market outcomes (Currie and Hyson, 1999). 
Preterm birth has been associated with increased rates of mortality in early childhood and 
young adulthood and greater risk of later adult chronic medical conditions such as 
hypertension, heart disease, and diabetes (Crump et al., 2011; Goldenberg and Culhane, 2007). 
Breastfeeding in infancy may protect against poor mental well-being and obesity in childhood 
and there is strong evidence that prolonged and exclusive breast feeding leads to gains in 
children’s cognitive development (Reynolds, Hennessy and Polek, 2014; Kramer et al., 2008).16  
Many early health problems are often associated with infants of lower-income mothers 
(Kramer et al., 2000; Currie and Moretti, 2007; Larson, 2007). As seen in Table 9 below, lower 
income mothers (as defined as being eligible for the Special Supplemental Nutrition Program 
for Women, Infants, and Children (WIC) in our sample) typically have babies with lower birth 
weight, are more likely to have pre-mature births, are less likely to breastfeed, and are more 
likely to be obese pre-pregnancy.  
Researchers have associated these birth outcomes with food sufficiency and nutrition 
(e.g. Fowles, 2004; Abu-Saad and Fraser, 2010). Given what we know about the importance of 
                                                          
16 Several papers in medical journals exist on this topic with similar findings. See Bernard et al. (2013), Quigley et 
al. (2009), or Holme, MacArthur and Lancashire (2010) for more information. 
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early life health and its relationship to income, policy makers have sought out ways to provide 
income support, but in a way that also promotes health. One program that serves lower income 
families is the Special Supplemental Nutrition Program for Women, Infants, and Children (WIC), 
which is designed to support low-income woman and children who are at risk of adverse 
nutrition outcomes. 
Generally, program participants are eligible for education programs and nutrition credits 
to be spent on a list of very specific nutritional foods. Specifically, WIC is designed to provide 
food supplements to low-income (those with income below 185% of the federal poverty line 
(FPL)) pregnant and lactating women, infants, and children under the age of five.  Eligible food 
items include juice, milk, cereal, cheese, eggs, fruits and vegetables, whole wheat bread, fish, 
legumes, infant formula and cereal, and baby food.17  In addition to the restrictions on types of 
foods that may be purchased, there are generally limits on the maximum monthly purchase 
within a category.  Bitler, Currie, and Scholz (2003) estimate that 73.2 percent of eligible 
households receive WIC benefits.  Total enrollment in the WIC program was about 9 million in 
2011.18 
The WIC program also has the potential to alter total food spending as well as the 
nutritional composition of purchases for eligible households.  In addition, the WIC program 
might also provide stronger “signals” about nutrition for new and expecting mothers and their 
children as the program targets a few specific food items. Cole and Fox (2008b) find that WIC 
participants had diets with higher nutrition density but similar Healthy Eating Index scores 
                                                          
17 See http://www.fns.usda.gov/wic/ for more specific details on how participants receive WIC funds and what 
food purchases are allowed across states. 




when compared to income eligible non-participants. Program participation might affect our 
near-birth maternal and infant health outcomes of interest. 
A common issue in program evaluation is the difficulty in identifying causal relationships 
between program participation and outcomes. The goal of this research is to utilize a fuzzy 
regression discontinuity (RD) approach to estimate a causal relationship between WIC 
participation and a variety of infant and maternal outcomes. Using this strategy we believe we 
will be identifying the causal effects of WIC participation by examining mothers with similar 
characteristics and income levels who only differ in their assistance program participation. 
Results indicate that WIC participation decreases the likelihood of premature birth, reduces the 
likelihood of breast feeding and decreases maternal weight gain during pregnancy. These 
results are robust to alternative fuzzy RD specifications and falsification tests. We fail to reject 
the null of no effect of WIC on birth weight and probability of low birth weight. 
3.2      Literature 
As described in Fox, Hamilton, and Lin (2004), much of the early work on WIC 
participation found a positive impact on a broad array of birth outcomes, including birth 
weight. In order to infer causality from program evaluation studies, it is important to recognize 
that non-random selection into the program creates standard selection bias problems.19 Recent 
studies have set out to address the selection bias problem using instrumental variable methods. 
Studies using these techniques have produced less consistent findings with respect to the 
effectiveness of WIC. Brien and Swann (2001) and Chatterji, et al. (2002) use state variation in 
WIC rules and individual-specific fixed effects as instrumental variables for WIC participation in 
                                                          




an attempt to address the selection bias problem. Brien and Swann (2001) find that the positive 
impact of WIC on birth weight is sensitive to the race of the mother. Chatterji, et al. (2002) find 
that WIC negatively affects the probability of breastfeeding. In general, studies which use 
instrumental variables report results that are not as consistent as the earlier studies and suffer 
from limitations caused by weak instruments. 
As described in Bitler and Currie (2005), reliance on state-level WIC regulation variations 
may be poor instruments. In an attempt to resolve this issue, some recent studies utilize 
narrowly defined sets of treatment and control groups to infer causality. Bitler and Currie 
(2005) use data from the Pregnancy Risk Assessment Monitoring System (PRAMS). They focus 
on a subset of women who used Medicaid to pay for deliveries as this allows them to focus on 
treatment and control groups with similar income levels. Bitler and Currie (2005) then examine 
differences in birth outcomes for WIC participants and non-participants within this Medicaid 
subset, and find that WIC participation leads to earlier prenatal care and lower probabilities of 
giving birth to low weight infants. Finally, Bitler and Currie (2005) show that OLS estimates of 
narrowly defined treatment and control groups lead to better estimates than IV estimates with 
state-level variation in programs as instruments. 
Filgio, Hammersma, and Roth (2009), use Florida birth certificate data for a subset of 
marginally eligible and marginally ineligible individuals. They then use changes in 
documentation requirements as an instrument for WIC participation and find that WIC 
participation has no effect on mean birth weight, but it does reduce the probability of very low 
birth weight. Hoynes, Page and Stevens (2011) take advantage of the WIC “rollout” across 
counties during the 1970s. They compare infant health in counties that have recently adopted 
WIC with infant health in counties that have not adopted WIC and find that WIC participation is 
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associated with higher average birth weights (18 to 29 grams) and lower likelihood of very low 
birth weights.  
Kreider, Pepper and Roy (2012, 2014) address the issue that survey respondents often 
report their WIC participation incorrectly.  Using comparisons of administrative and survey 
data, they estimate that as many as one in three survey respondents incorrectly report their 
WIC participation, with some misreporting their duration of program use while others omit 
participation entirely. Utilizing nonparametric partial identification methodologies to account 
for misreporting, they find that WIC participation reduces the prevalence of child food 
insecurity by at least 5.5 percentage points and modestly increases the probability of normal 
birth weight. An important finding of their work is that if participation is accurately reported, 
WIC appears to improve birth outcomes, however it is difficult to put a sign on the effect of WIC 
when there is uncertainty with the level of program participation. 
We utilize another estimation tool to identify program effects, regression discontinuity 
(RD).20 Because WIC is a means-tested program, it is possible to examine differences in 
outcomes for those who are on either side of the income eligibility threshold, assuming that the 
probability of enrolling in the program changes once individuals clear the program’s threshold. 
Our proposed research addresses the possibility of misreporting as the coefficient estimates are 
calculated only on ‘compliers’ or those for whom the eligibility threshold affects WIC 
participation. 21   
                                                          
20 See Meyerhoefer and Yang (2011) for more discussion on empirical studies that employ regression discontinuity 
methods. 
21 Angrist, Joshua David, and Jörn Pischke. ”4.4.4 Counting and Characterizing Compliers.” Mostly harmless 
econometrics: an empiricist's companion. Princeton: Princeton University Press, 2009. p. 123-129.  
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The approach is similar to that used by Figlio, Hamersma, and Roth (2009) who restrict 
their administrative data to families near the WIC eligibility threshold.  However, that study is 
limited to new mothers with at least one school-age child eligible for the National School Lunch 
Program (NSLP). Schanzenbach (2009) uses RD methods to examine a nutrition-related 
question, the effect of participation in the National School Lunch Program (NSLP) on obesity. 
Comparing students just above the eligibility threshold (family income less than 185% of 
poverty) to those just below the eligibility threshold, Schanzenbach (2009) finds that those just 
below (income eligible) are more likely to be obese. 
3.3       Data 
To examine the causal effect of WIC participation on health outcomes, we utilize the 
Centers for Disease Control and Prevention (CDC) Pregnancy Risk Assessment Monitoring 
System (PRAMS) data covering the period 2004-2010.22 PRAMS data are collected with the goal 
of improving the health of mothers and children.  Participating states utilize a standardized 
system for collecting data for a core questionnaire developed by the CDC. States may also ask 
standard questions developed by the CDC in addition to questions developed by the individual 
state.  PRAMS data currently cover 40 states and New York City.  Historical data exist for six 
additional states including California.  In addition to data collected from the questionnaire, 
select data elements are available from birth certificates. 
Of particular interest for our analysis, PRAMS data include information about birth 
outcomes, including birth weight and weeks of gestation, breast feeding, and maternal BMI and 
                                                          




weight gain.  The survey also asks about household income23 and the number of individuals 
who depend on that income, which we use to calculate eligibility for WIC.  Specifically, for each 
survey respondent we compute the maximum income level to qualify for WIC based on the 
number of people dependent on the reported income.  We then create a ratio of WIC eligibility 
to reported income that increases as households move further under the maximum allowable 
income.  We subtract one so that the ratio is zero for households that are at the eligibility 
threshold, less than zero for those with incomes over the threshold and greater than zero for 
those under the threshold. Table 9 and Table 10 provide summary statistics. Table 9 presents 
an overview from our entire sample of the health outcomes we examine in this paper. Mothers 
who are eligible for WIC have slightly higher probabilities of having a premature and low birth 
weight child than mothers who are not eligible for WIC. Children born to WIC eligible mothers 
tend to have lower birth weights than mothers who are ineligible. WIC eligible mothers are less 
likely to breast feed their child and if they do breast feed, they breastfeed for a shorter duration 
than WIC eligible mothers. Finally WIC eligible mothers tend to have higher pre-pregnancy BMI 
levels than ineligible mothers, however they tend to gain less weight during pregnancy.  
In Table 10 we present summary statistics of WIC eligible and WIC ineligible mothers 
near the income eligibility cutoff for enrollment in the WIC program. As described below, it is 
important that there are no discontinuities in covariates among individuals who are on either 
side of the eligibility cutoff. As seen in the table, mothers on either side of the income eligibility 
cut off have very similar characteristics. The majority of mothers fall into the age group 20-34. 
Roughly 72 percent of WIC eligible and WIC ineligible mothers are between the ages of 20-34. 
                                                          
23 Income available beginning in 2004 and is reported in up to 18 categorical ranges.  We utilize the upper income 




Mothers age 35 and up make up roughly 26 percent of our sample and roughly 1 percent of our 
sample are teen mothers among WIC eligible and WIC ineligible mothers. Non-Hispanic white 
mothers make up the majority of our sample at roughly 76 percent and Non-Hispanic blacks 
make up 6 percent of the sample among both eligibility categories. Six percent of WIC ineligible 
mothers are Hispanic and 5 percent of WIC eligible mothers are Hispanic. Mothers from other 
races make up 12 percent of WIC ineligible mothers and 14 percent of WIC eligible mothers. In 
our sample, education levels near the income cutoff are similar among WIC eligible and WIC 
ineligible mothers. Roughly 62 percent of mothers in our restricted sample have a college 
degree, 22 percent have taken some college courses, 13 percent have a high school diploma 
and roughly 2 percent did not finish high school.  
In terms of covariates, we only reject the null of no differences between the two groups 
for the Hispanic and other race categories. For outcome measures, we reject the null that the 
values are the same for premature birth, probability of low birth weight, and ever 
breastfeeding. WIC eligible mothers are less likely to have a premature birth and low birth 
weight baby and are more likely to ever breastfeed.   
3.4       Empirical Strategy 
As described above, non-random selection into the program creates standard selection 
bias problems as it is likely that unobservable characteristics might affect both WIC 
participation and birth outcomes. In this research, we exploit the WIC eligibility threshold to 
identify the potential effects of the program on birth-related outcomes by using regression 
discontinuity (RD) methods. As described in Angrist and Pischke (2009), fuzzy RD methods are 
appropriate for identification when WIC eligibility is a discontinuous function of income.  
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For a sharp RD design to be appropriate, participation in the program (treatment) is 
deterministically determined by the fact that the income ratio (assignment variable) is above or 
below the eligibility threshold. As described in Lee and Lemieux (2010), it is important that 
individuals are not manipulating the income ratio in order to fall on the “correct” side of the 
eligibility threshold. As seen in Table 10, there are a similar number of mothers that fall in the 
bins on either side of the cutoff and their observable characteristics are similar, which is taken 
as evidence that mothers are not manipulating their income to be “just eligible.” Because 
participation in WIC is not 100 percent at the threshold, a fuzzy RD method is used. As 
described in Angrist and Pischke (2009), the fuzzy RD method is appropriate when the 
treatment status is probabilistically determined as a discontinuous function of the income ratio.  
That is, there is a change in the probability of WIC participation at the eligibility threshold, but it 
does not change from 0 to 1. Figure 2 shows WIC participation as a function of the assignment 
variable. As illustrated in the figure, there is a jump in participation at the cutoff point, but the 
probability of WIC participation remains less than 1. 
A final requirement for the appropriateness of RD is that there are no discontinuities in 
the covariates at the cutoff point. Table 10 presents the results of testing for differences in 
covariates on either side of the cutoff. There are no statistically significant differences in 
covariates except for the race categories Hispanic and other race. In all other areas, mothers on 
either side of the cutoff appear to be very similar. 
As described in Angrist and Pischke (2009), fuzzy RD design utilizes a two-stage 
procedure to estimate the causal impact of a treatment that is equivalent to an instrumental 
variables strategy. In the first stage, actual participation is regressed on the income ratio and on 
an indicator variable for whether the mother is eligible for WIC participation based on the 
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eligibility threshold. These estimates then provide a predicted participation level. The second 
stage of the model regresses outcomes on the predicted participation from the first stage, 
controlling for the income ratio. Equation (1) represents the first-stage estimation equation in 
this analysis 
𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛𝑖 = 𝛼1 + 𝛼2𝑓(𝐼𝑛𝑐𝑜𝑚𝑒𝑅𝑎𝑡𝑖𝑜𝑖) + 𝛼3𝐸𝑙𝑖𝑔𝑖𝑏𝑙𝑒𝑖 + 𝜀𝑖    (1) 
where Participationi is a binary variable equal to 1 if the individual participates in WIC and 0 
otherwise and Eligiblei is an indicator variable equal to 1 if the household is eligible for WIC 
participation. IncomeRatioi is represented as a polynomial function to account for potential 
nonlinearities in the relationship between participation and income ratio.  We estimate 
regressions with income ratios in first, second and third degree polynomial forms. 
To estimate the causal relationship of participation on outcomes, the second stage is 
then estimated as described by equation (2) below: 
𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖 = 𝛽1 + 𝛽2𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂ + 𝛽3𝑔(𝐼𝑛𝑐𝑜𝑚𝑒𝑅𝑎𝑡𝑖𝑜𝑖) + 𝜇𝑖     (2) 
where Outcomei is the outcome of choice and 𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛̂  is the estimated WIC 
participation from the first stage estimation. As described in Lee and Lemieux (2010), we 
estimate equations (1) and (2) with baseline covariates included. 
 We estimate equations on a limited sample as robustness checks of our results. We limit 
the sample to those with income ratios ranging from +3 to -3, +1.5 to -1.5, and +0.5 to -0.5. We 
ultimately use the second polynomial form for these robustness regressions24. 
                                                          
24 We perform chose the polynomial form by using an AIC test for the correct polynomial form. We selected the 
second polynomial form as it returned a lower score in the AIC test than the first polynomial form. 
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3.5       Results 
We examine six infant and maternal health outcomes in our analysis: the probability of 
low birth weight, the probability of premature birth, birth weight, whether or not a mother has 
ever breast fed, duration of breast feeding and maternal weight gain during pregnancy. We find 
significant results in a number of specifications for three main outcomes: decreased probability 
of premature birth, decreased likelihood of breast feeding and decreased maternal weight gain 
during pregnancy. Our results for these three outcomes are presented in Table 11, Table 12 and 
Table 13. A full set of results for all outcomes are included in Table 14 along with marginal 
effects for select regressions in Table 15. We also examine two maternal and birth outcomes 
which we believe will not be affected by WIC as falsification tests, ruptured membrane during 
pregnancy and child gender. Results from these models are included in Table 16 and Table 17. 
We present our results on the probability of premature birth in Table 11. Panel A in 
Table 11 includes the two-stage estimates on our variable of interest, WIC participation, as seen 
in equation (2) above. From the first stage of the model, Panel B includes the coefficient 
estimate on our WIC eligibility variable as seen in equation (1) above. To test the robustness of 
the results to the polynomial form, we estimate the model using first, second, and third degree 
polynomials. Each column in Table 11 indicates whether models were estimated with control 
variables, interaction terms between the eligibility dummy variable and the polynomial of 
income ratio, what polynomial was used on the income ratio, and whether the model was 
estimated using the full sample or a sample of individuals closer to the cutoff point. 
As reported in Table 11, we find a negative and significant relationship between WIC 
participation the probability of giving birth to a premature child that holds across five of the six 
specifications. The results discussed here are from our second specification. We estimate a 
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coefficient of -0.117, which when we translate to a marginal effect, represents a 1.8 percentage 
point lower probability of having a low birth weight child among WIC participants. Our control 
variables have the expected sign in most cases. As mothers age, they have an increased 
probability of having a premature child. Our results show an increase ranging from 0.1 to 1.7 
percentage points relative to the sample mean. Relative to white mothers, black mothers are 
4.3 percentage points more likely to have a premature child and Hispanic mothers are 0.2 
percentage points less likely to have a premature child. We also find a negative relationship 
between a mothers’ years of schooling and the probability of having a premature birth. 
Mothers who have previously had a low birth weight child are 4.0 percentage points more likely 
to have a premature birth and mothers who have had a previous premature birth are 10.2 
percentage points more likely to have a premature birth.  
We find a negative and significant relationship between WIC participation and whether 
or not a mother has ever breast fed in all six specifications presented in Table 12. As seen in 
column (2) in Table 12, we estimate a coefficient of -0.522 for the second specification of our 
regressions. When we translate our results to marginal effects, we find that mothers who 
participate in WIC are 13.9 percent less likely to breast feed their child. This finding is similar to 
the results of Chatterji et al (2002). This could be due to the vouchers provided to WIC mothers 
for the purchase of infant formula. We find that as mothers age, they are less likely to breast 
feed their child. We find that relative to whites, black mothers are 0.3 percentage points less 
likely to breast feed and Hispanic mothers are 14.9 percentage points more likely to breast feed 
their child. Mothers with more years of schooling are more likely to have breast fed their child. 
Relative to a mother with less than a high school diploma, a mother with a college degree is 
14.8 percentage points more likely to have breast fed her child. We find that single mothers are 
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6.2 percentage points less likely to have breast fed their child relative to married mothers 
perhaps due to the time costs associated with breast feeding. 
We find that mothers who participate in WIC have lower levels of maternal weight gain 
during pregnancy relative to non-participants. According to results presented in Table 13, we 
estimate a coefficient of -0.834 for the second specification of our regressions, suggesting that 
mothers participating in WIC gain about 1 less pound during pregnancy. This result could be a 
good or bad outcome. According to the Mayo clinic, the amount of weight a mother should gain 
during pregnancy depends on her pre-pregnancy BMI25. However since our data show that 
lower income mothers are more likely to be overweight or obese before pregnancy, we believe 
that this is a good outcome of participation in WIC. Our findings show that as mothers age, they 
tend to gain less weight during pregnancy. Relative to white mothers, black, Hispanic and 
mothers of other races tend to gain less weight during pregnancy. If a mother has had previous 
children, we find that she gains less weight than a mother with no previous children. Mothers 
with more years of schooling gain more weight during pregnancy. We also find that single 
mothers tend to gain more weight than married mothers. 
We present results for all six health outcomes that we examine in Table 14 and Table 15. 
These tables show the results of regressions run with all control variables and interaction terms 
across our whole sample. These results also use a second degree polynomial form for the 
income ratio26. Below we discuss the results for our three remaining outcomes which did not 
have significant coefficients. 
                                                          
25 http://www.mayoclinic.org/healthy-lifestyle/pregnancy-week-by-week/in-depth/pregnancy-weight-gain/art-
20044360 
26 We perform chose the polynomial form by using an AIC test for the correct polynomial form. We selected the 
second polynomial form as it returned a lower score in the AIC test than the first polynomial form. 
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Among mothers who have breast fed their child, we find that WIC participation leads 
mothers to breast feed for a shorter period of time, however this result is not significant. Again, 
this could be the result of mothers receiving vouchers for infant formula as a result of their WIC 
participation. We find that as mothers age, they tend to breast feed their child for longer 
periods of time. Relative to whites, blacks breast feed their children for slightly less time, 
Hispanics breast feed for significantly less time and those of other races breast feed their 
children longer. Single mothers tend to breast feed their children for less time. 
We estimate a coefficient of -0.024 for our probability of having a low birth weight child 
outcome. This result translates to a 0.3 percentage point decrease relative to the sample mean. 
This indicates the mothers who participate in WIC are less likely to have a low birth weight 
child, however it must be noted that this result is very small and statistically insignificant. This 
result is similar to findings by Bitler and Currie (2005), Figlio, Hammersma and Roth (2009) and 
Hoynes, Page and Stevens (2011). We find that as mothers age they face a higher probability of 
having a low birth weight child. We also find that relative to whites, blacks are more likely to 
have a low birth weight child. As mothers education levels increase they are less likely to have a 
low birth weight child. We also find that mothers who are not married, have had a previous low 
birth weight child or a premature child are more likely to have a low birth weight baby.  
When we examine the effect of WIC participation on infant birth weight, we estimate 
very large but statistically insignificant coefficients. Shown in Table 14, we estimate a coefficient 
of -19.359, but with little precision. A large negative result for this outcome contrasts with the 
previous results of Hoynes, Page and Stevens (2011) who find that WIC participation can lead to 
increases in birth weight of 18 to 29 grams.  
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3.6      Falsification Tests 
 We also estimate regressions for birth outcomes that we believe will not be affected by 
WIC participation as falsification tests. We examine two outcomes, the likelihood that a mother 
had a ruptured membrane27 leading up to birth and the likelihood that a mother gave birth to a 
male child. In both cases, we posit that the outcomes are determined independent of maternal 
diet and the outcomes should not be related to WIC participation.  We estimate regressions in 
three different specifications for each outcome, first, second, and third polynomials using our 
full sample and full set of controls. Results for these falsification tests are presented in Table 16 
and Table 17. 
 As anticipated, we fail to reject the null of no effect in all of our falsification tests.  These 
results mitigate concerns that our earlier results are based on spurious correlation.  In addition, 
these results, as well as those presented earlier are not sensitive to how we specify the local 
linear regressions.   
3.7       Conclusion 
In this paper, we examine the effects of WIC participation on maternal and infant health 
outcomes by implementing a fuzzy regression discontinuity design with the CDC’s PRAMS 
dataset. Results indicate that WIC participation decreases the likelihood of premature births, 
reduces the likelihood of breast feeding, and decreases maternal weight gain during pregnancy.  
These results are robust to alternative fuzzy regression discontinuity specifications and 
falsification tests mitigate the concern of spurious correlation. Early research on WIC failed to 
                                                          
27 According to the University of Maryland Medical Center, “The membranes that hold amniotic fluid (the water 
surrounding the baby) usually break at the end of the first stage of labor. However, in about 10% of pregnancies 
after 37 weeks, the membranes will break before labor. This is referred to as premature rupture of membranes 
(PROM). That’s difference from preterm premature rupture of membranes (PPROM), which is when the 
membranes rupture before 37 weeks.” 
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appropriately address the problem of selection bias into the program. In an attempt to address 
the problem of selection into WIC, a number of recent studies have used different techniques in 
an attempt to identify the program effects. Our paper provides additional evidence on WIC 
impacts by identifying the program effects through the fuzzy RD method. 
The positive impacts of WIC on several important health outcomes are important 
because of our understanding that early life health outcomes are important determinants of 
long-term health, education, and labor market outcomes. The reductions in premature births 
that are caused by WIC participation potentially reduce the risk of future chronic medical 
conditions such as hypertension, heart disease, and diabetes (Crump et al., 2011; Goldenberg 
and Culhane, 2007). The nutritional assistance from WIC participation has been shown here to 
reduce the weight gain of mothers. To the extent that lower income mothers are overweight or 
obese, the reduction in weight gain during pregnancy is of benefit to the mother’s and infant’s 
health outcome. The literature has found that breastfeeding in infancy may protect against 
poor mental well-being and obesity in childhood, and results here find that WIC participation 
reduces the likelihood of ever breastfeeding. This is likely because mothers are able to purchase 
infant formula through the program.  
Given our understanding on the importance of early life health and its relationship to 
income, policy makers have sought out ways to provide income support, but in a way that also 
promotes health. Results here indicate that WIC participation leads to a number of positive 
health outcomes for mothers and infants, but challenges remain because WIC alters incentives 




3.8       Tables and Figures 




Table 9: Sample Summary Statistics 
 WIC Ineligible WIC Eligible 
Probability of Low Birth Weight 0.057 (0.002) 0.071 (0.0004) 
Probability of Premature Birth 0.086 (0.003) 0.089 (0.001) 
Ever Breast Fed 0.808 (0.005) 0.750 (0.003) 
Birth Weight 3367 (6.528) 3298 (2.871) 
Maternal Weight Gain 31.686 (0.154) 20.392 (0.092) 
Breastfeeding Duration 63.01 (0.457) 59.17 (0.234) 
Maternal Pre-Pregnancy BMI 24.55 (0.067) 26.26 (0.041) 
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Table 10: Restricted Sample Summary Statistics 
 WIC Ineligible WIC Eligible 
Teen Mom 0.010 (0.001) 0.009 (0.001) 
Mom Age 20-34 0.723 (0.005) 0.726 (0.005) 
Mom Age 35+ 0.267 (0.005) 0.265 (0.005) 
Non-Hispanic White  0.759 (0.005) 0.758 (0.005) 
Non-Hispanic Black 0.061 (0.003) 0.059 (0.003) 
Hispanic 0.059 (0.003)*** 0.046 (0.003)*** 
Other Race 0.121 (0.003)* 0.136 (0.004)* 
Education: Less than HS 0.017 (0.001) 0.015 (0.001) 
Education: High School 0.133 (0.003) 0.128 (0.004) 
Education: Some College 0.223 (0.005) 0.234 (0.005) 
Education: College Degree 0.626 (0.005) 0.624 (0.006) 
Number of Children 0.807 (0.009) 0.804 (0.009) 
Previous Premature Birth 0.066 (0.003) 0.067 (0.003) 
Not Married 0.064 (0.003) 0.065 (0.003) 
Pre-Pregnancy BMI 24.771 (0.063) 24.877 (0.063) 
Premature Birth 0.252 (0.005)** 0.232 (0.005)** 
Low Birth Weight 0.293 (0.005)** 0.276 (0.005)** 
Birth Weight 3028.212 (9.515) 3041.982 (9.479) 
Maternal Weight Gain 30.644 (0.148) 30.614 (0.151) 
Ever Breast Fed 0.854 (0.004)* 0.863 (0.004)* 
Breast Feeding Duration 64.751 (0.397) 64.801 (0.403) 
Observations 7914 7674 
Note: Means and standard errors presented. Standard Errors in Parentheses. ***, **, * indicate that the variable is 




Table 11: Fuzzy regression discontinuity estimates of the impact of WIC participation on premature birth. 2SLS estimates. Full sample. 
 (1) (2) (3) (4) (5) (6) 
WIC Participation -0.101 -0.117* -0.143*** -0.136*** -0.120** -0.205*** 
   (0.090)   (0.068)   (0.046)   (0.047)   (0.056)   (0.063) 
  Marginal Effects -0.016 -0.018* -0.022** -0.021*** -0.019** -0.032*** 
  Controls No Yes Yes Yes Yes Yes 
  Interaction terms No Yes Yes Yes Yes Yes 
  Polynomial of income ratio First First Second Third Third Third 
  Window Whole Whole Whole Whole -3/+3 -1.5/+1.5 
  Observations 152,242 152,242 152,242 152,242 128,994 104,792 
  WIC Eligible 0.615*** 0.659*** 0.340*** 0.183*** 0.214** 0.183* 
   (0.090)   (0.042)   (0.063)   (0.070)   (0.107)   (0.106) 
  R-squared 0.0002 0.030 0.030 0.030 0.030 0.030 
  First-stage F-statistics       
  p value 0.000 0.000 0.000 0.008 0.044 0.084 
Note: This table reports fuzzy RD estimates. The dependent variable is premature birth. In all regressions we control for maternal age, race, number of previous children, 
education level, marital status, previous low birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in parentheses) are corrected for 
heteroskedasticity and allow for clustering at the state level. In regressions (5) and (6) we limit the sample to those with income ratios ranging from +3 to -3 and +1.5 to -1.5. 
In our limited sample regressions we choose the third polynomial form as a result of performing an AIC test for polynomial form. In our regressions on the limited sample, 




Table 12: Fuzzy regression discontinuity estimates of the impact of WIC participation on the likelihood of breastfeeding. 2SLS estimates. Full 
sample. 
 (1) (2) (3) (4) (5) (6) 
  WIC Participation -0.319*** -0.520*** -0.522*** -0.510*** -0.447*** -0.363*** 
   (0.102)   (0.124)   (0.118)   (0.112)   (0.108)   (0.123) 
  Marginal Effects -0.089*** -0.137*** -0.137*** -0.134*** -0.113*** -0.089*** 
  Controls No Yes Yes Yes Yes Yes 
  Interaction terms No Yes Yes Yes Yes Yes 
  Polynomial of income ratio First First Second Third Third Third 
  Window Whole Whole Whole Whole -3/+3 -1.5/+1.5 
  Observations 152,242 152,242 152,242 152,242 128,994 104,792 
  WIC Eligible 0.614*** 0.652*** 0.341*** 0.185*** 0.215** 0.184* 
   (0.039)   (0.042)   (0.064)   (0.071)   (0.109)   (0.108) 
  R-squared 0.022 0.077 0.078 0.078 0.066 0.056 
  First-stage F-statistics       
  p value 0.002 0.000 0.000 0.009 0.047 0.090 
Note: This table reports fuzzy RD estimates. The dependent variable is whether a mother has ever breastfed her child. In all regressions we control for maternal age, race, 
number of previous children, education level, marital status, previous low birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in 
parentheses) are corrected for heteroskedasticity and allow for clustering at the state level. In regressions (5) and (6) we limit the sample to those with income ratios ranging 
from +3 to -3 and +1.5 to -1.5. In our limited sample regressions we choose the third polynomial form as a result of performing an AIC test for polynomial form. In our 




Table 13: Fuzzy regression discontinuity estimates of the impact of WIC participation on the maternal weight gain during pregnancy. 2SLS 
estimates. Full sample. 
 (1) (2) (3) (4) (5) (6) 
  WIC Participation -1.755*** -1.393*** -0.991*** -1.034*** -1.449*** -1.574*** 
   (0.471)   (0.367)   (0.352) (0.343)   (0.408)   (0.564) 
  Controls No Yes Yes Yes Yes Yes 
  Interaction terms No Yes Yes Yes Yes Yes 
  Polynomial of income ratio First First Second Third Third Third 
  Window Whole Whole Whole Whole -3/+3 -1.5/+1.5 
  Observations 152,242 152,242 152,242 152,242 128,994 104,792 
  WIC Eligible 0.615*** 0.660*** 0.340*** 0.182*** 0.215** 0.183* 
   (0.039)   (0.042)   (0.062)   (0.069)   (0.106)   (0.105) 
  R-squared 0.003 0.032 0.033 0.033 0.030 0.026 
  First-stage F-statistics       
  p value 0.000 0.000 0.000 0.008 0.042 0.082 
Note: This table reports fuzzy RD estimates. The dependent variable is maternal weight gain during pregnancy. In all regressions we control for maternal age, race, number of 
previous children, education level, marital status, previous low birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in 
parentheses) are corrected for heteroskedasticity and allow for clustering at the state level. In regressions (5) and (6) we limit the sample to those with income ratios ranging 
from +3 to -3 and +1.5 to -1.5. In our limited sample regressions we choose the third polynomial form as a result of performing an AIC test for polynomial form. In our 





Table 14: Fuzzy regression discontinuity estimates. 2 Stage estimates. Full sample 





WIC Participation -0.024 (0.061) -0.143 (0.046)*** -0.522 (0.118)*** -19.359 (21.222) -0.991 (0.352)*** -0.958 (1.494) 
Income Ratio 0.125 (0.162) -0.132 (0.211) 0.378 (0.461) -19.689 (80.349) -6.331 (2.595)** 22.322 (6.493)*** 
Income Ratio*WIC 
Eligible 
-0.120 (0.158) 0.153 (0.213) -0.208 (0.468) 23.052 (80.610) 5.795 (2.672)** -23.176 (6.743)*** 
Income Ratio Squared -0.002 (0.316) -0.429 (0.465) -0.455 (0.821) 22.215 (156.475) -17.390 (5.004)*** 47.531 (14.662)*** 
Income Ratio 
Squared*WIC Eligible 
0.003 (0.317) 0.426 (0.465) 0.421 (0.820) -23.810 (156.594) 17.510 (4.993)*** -47.188 (14.636)*** 
Mom Age 20-34 -0.008 (0.031) 0.006 (0.035) 0.066 (0.046) 19.587 (10.090)* -1.108 (0.341)*** 3.715 (1.167)*** 
Mom Age 35+ 0.159 (0.025)*** 0.103 (0.031)*** 0.034 (0.060) 0.584 (12.594) -2.435 (0.405)*** 5.754 (1.297)*** 
Black 0.340 (0.018)*** 0.249 (0.021)*** -0.023 (0.070) -190.378 (7.612)*** -2.687 (0.372)*** -0.264 (0.691) 
Hispanic -0.020 (0.023) -0.010 (0.031) 0.670 (0.047)*** -20.718 (9.010)** -1.858 (0.304)*** -5.553 (0.932)*** 
Other Race 0.095 (0.023)*** 0.027 (0.030) 0.315 (0.100)*** -121.671 (4.981)*** -1.984 (0.246)*** 0.542 (0.923) 
Kids (1) -0.253 (0.013)*** -0.184 (0.019)*** -0.230 (0.013)*** 113.826 (6.352)*** -3.024 (0.192)*** 3.017 (0.447)*** 
Kids (2 or more) -0.254 (0.14)*** -0.123 (0.016)*** -0.220 (0.028)*** 129.427 (4.981)*** -3.708 (0.247)*** 8.080 (0.632)*** 
High School -0.030 (0.023) 0.013 (0.023) 0.061 (0.025)** 8.172 (8.710) 1.265 (0.324)*** -3.913 (1.051)*** 
Some College -0.104 (0.024)*** -0.016 (0.024) 0.312 (0.027 )*** 34.741 (6.859)*** 1.675 (0.322)*** -4.153 (1.219)*** 
College Degree -0.147 (0.023)*** -0.062 (0.026) 0.555 (0.042)*** 56.525 (12.193)*** 1.778 (0.311)*** 2.531 (1.300)* 
Not Married 0.066 (0.016)*** 0.043 (0.018)** -0.248 (0.020)*** -33.955 (7.546)*** 1.428 (0.162)*** -3.329 (0.588)*** 
Previous LBW 0.470 (0.024)*** 0.254 (0.021)*** -0.075 (0.035)** -259.763 (12.647)*** -1.092 (0.253)*** -1.010 (0.808) 
Previous preemie 0.439 (0.014)*** 0.652 (0.025)*** 0.015 (0.038) -217.163 (10.852)*** -0.616 (0.203)*** -3.046 (0.440)*** 
Note: This table reports fuzzy RD estimates. In all regressions we control for maternal age, race, number of previous children, education level, marital status, previous low 
birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in parentheses) are corrected for heteroskedasticity and allow for clustering 





Table 15: Fuzzy regression discontinuity marginal effects. 2 Stage estimates. Full sample.  
 P(Low Birth) P(Premature) P(Breast Fed) 
WIC Participation -0.003 (0.008) -0.022 (0.007)*** -0.137 (0.031)*** 
Income Ratio 0.015 (0.020) -0.021 (0.033) 0.100 (0.120) 
Income Ratio*WIC Eligible -0.015 (0.020) 0.024 (0.033) -0.055 (0.123) 
Income Ratio Squared -0.0003 (0.039) -0.067 (0.073) -0.120 (0.217) 
Income Ratio Squared*WIC Eligible 0.0004 (0.039) 0.067 (0.073) 0.111 (0.207) 
Mom Age 20-34 -0.001 (0.004) 0.001 (0.005) 0.018 (0.012) 
Mom Age 35+ 0.022 (0.003)*** 0.017 (0.005)*** 0.009 (0.016) 
Black 0.051 (0.003)*** 0.044 (0.004)*** -0.007 (0.020) 
Hispanic -0.002 (0.003) -0.001 (0.005) 0.148 (0.013)*** 
Other Race 0.012 (0.003)*** 0.004 (0.005) 0.081 (0.024)*** 
Kids (1) -0.033 (0.002)*** -0.029 (0.003)*** -0.060 (0.004)*** 
Kids (2 or more) -0.033 (0.002)*** -0.020 (0.003)*** -0.057 (0.008)*** 
High School -0.004 (0.003) 0.002 (0.004) 0.020 (0.008)** 
Some College -0.014 (0.003)*** -0.003 (0.004) 0.093 (0.009)*** 
College Degree -0.019 (0.003)*** -0.010 (0.004)** 0.151 (0.012)*** 
Not Married 0.008 (0.002)*** 0.007 (0.003)** -0.065 (0.005)*** 
Previous LBW 0.058 (0.003)*** 0.040 (0.003)*** -0.020 (0.009)** 
Previous preemie 0.055 (0.002)*** 0.102 (0.004)*** 0.004 (0.010) 
Note: This table reports fuzzy RD marginal effects. In all regressions we control for maternal age, race, number of previous children, education level, marital status, previous 
low birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in parentheses) are corrected for heteroskedasticity and allow for 





Table 16: Fuzzy regression discontinuity estimates of the impact of WIC participation on the likelihood of a mother having a ruptured 
membrane during pregnancy. 2SLS estimates. Full sample. 
 (1) (2) (3) 
Panel A: two-stage least squares estimates 
  WIC Participation 0.099 0.123 0.045 
   (0.135)   (0.129)   (0.122) 
  Marginal Effects 0.005 0.007 0.002 
  Controls Yes Yes Yes 
  Interaction terms Yes Yes Yes 
  Polynomial of income ratio First Second Third 
  Window Whole Whole Whole 
  Observations 152,242 152,242 152,242 
Panel B: first stage 
  WIC Eligible 0.657*** 0.338*** 0.181*** 
   (0.042)   (0.063)   (0.069) 
  R-squared 0.029 0.029 0.030 
  First-stage F-statistics    
  p value 0.000 0.000 0.009 
Note: This table reports fuzzy RD estimates. The dependent variable is the likelihood a mother had a ruptured membrane during pregnancy. In all regressions we control for 
maternal age, race, number of previous children, education level, marital status, previous low birth weight babies, previous premature births and year fixed-effects. Standard 






Table 17: Fuzzy regression discontinuity estimates of the impact of WIC participation on the likelihood of having a male child. 2SLS estimates. 
Full sample. 
 (1) (2) (3) 
Panel A: two-stage least squares estimates 
  WIC Participation -0.022 -0.104 -0.063 
   (0.107)   (0.099)   (0.088) 
  Marginal Effects -0.009 -0.041 -0.025 
  Controls Yes Yes Yes 
  Interaction terms Yes Yes Yes 
  Polynomial of income ratio First Second Third 
  Window Whole Whole Whole 
  Observations 152,242 152,242 152,242 
Panel B: first stage 
  WIC Eligible 0.659*** 0.338*** 0.182*** 
   (0.042)   (0.063)   (0.069) 
  R-squared 0.0002 0.0003 0.0003 
  First-stage F-statistics    
  p value 0.000 0.000 0.009 
Note: This table reports fuzzy RD estimates. The dependent variable is the likelihood a mother had a male child. In all regressions we control for maternal age, race, number 
of previous children, education level, marital status, previous low birth weight babies, previous premature births and year fixed-effects. Standard errors (reported in 
parentheses) are corrected for heteroskedasticity and allow for clustering at the state level. ***, **, * indicate significance at the 1%, 5% and 10% levels. 
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4. “How Does Insurance Contribute to an Individual’s Decision to 
Use Preventive Care?” 
4.1      Introduction 
According to the Centers for Disease Control (CDC), tens of thousands of lives could be 
saved annually through increased usage of preventive services28. One of the goals of the 
recently passed Affordable Care Act (ACA) is to increase usage of preventive care services and 
one of the mandates of the ACA is that most insurance plans cover the preventive health 
services that are recommended by the U.S. Preventive Services Task Force2930. Although likely, 
it is currently unclear to what extent this increased access to insurance coverage will lead to an 
increase in the usage of preventive care services. In this paper I seek to examine how insurance 
coverage contributes to an individual’s decision to utilize preventive care services. 
By analyzing the estimated costs of adopting 20 proven preventive care services across 
the U.S. and comparing the costs against the estimated savings that could be generated, 
Maciosek et al. (2010) state that increased use of preventive services could prevent the loss of 
more than 2 million quality-adjusted life years31 and could result in the savings of several billion 
dollars. The authors suggest that both insurance payers and policy makers should support the 
increased use of evidence-based preventive services which could lead to improvements in 
health for all Americans and help make better use of scarce medical resources. 





31 A quality-adjusted life year (QALY) is a measure of disease burden which includes both the quality and the 
quantity of life lived. It is used in assessing the value for money of a medical intervention. The QALY is based on the 
number of years of life that would be added by the intervention. 
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Previous studies have examined how various groups utilize preventive care services 
under different constraints and in different scenarios. For instance, some research has 
examined differences across gender. Zhang et al. (1994) examine disparities in the use of 
preventive services between urban and rural women and find that urban women are more 
likely to use preventive services, while Vaidya et al. (2012) find that women are more likely to 
use preventive care services more than men. Others examine the role that income and ethnicity 
play when using preventive care. Ross et al. (2007) show that the working poor are less likely to 
receive certain preventive care screenings. Ahluwalia et al. (2009) show that working age 
Hispanics and Blacks lack insurance coverage more than white Americans. Zhang et al. Also, 
studies have also examine the role of insurance coverage in the decision to use preventive 
services in different countries. In a Mexican study, Pagán et al. (2007) analyze the relationship 
between insurance coverage and the use of preventive care services. 
The role insurance coverage plays in choosing to use preventive care has been 
overlooked using U.S. data. I seek to examine the role of insurance coverage and income levels 
in an individual’s decision to use preventive health coverage in an analysis similar to the work 
by Pagán et al. (2007). To accomplish this goal this I use a large sample of individual-level data 
across the United States from the Behavioral Risk Factor Surveillance System (BRFSS) over the 
time period 1996-2000 and 2005-2012. To my knowledge, I am the first to utilize the BRFSS 
data in an analysis of preventive care usage over a period of more than two years and the first 
to examine the effects of insurance coverage on an individual’s decision to utilize preventive 
care services using data from the United States. In particular, I examine the utilization of nine 
preventative measures: influenza vaccinations, colonoscopies, blood cholesterol screenings, 
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mammograms, Papanicolaou screening tests (pap smears), breast physical exams, prostate 
checks, and HPV vaccinations. Results of this paper show that insurance coverage increases the 
likelihood of using preventive care services. This research contributes to the existing preventive 
care literature by allowing us to more rigorously form an expectation as to how increased 
health insurance coverage as a result of the ACA will likely affect preventative care.  
Results indicate that, relative to a privately purchased insurance plan, individuals with 
coverage through their employer or spouse’s employer or coverage through the military are 
more likely to utilize preventive services. When I approach this question more generally and 
examine the effects of any type of insurance coverage on the likelihood of using preventive 
services I find that those with coverage were in all cases more likely to use preventive care 
services than those with no coverage at all. There also appears to be an income bias in the use 
of preventive services. In almost all cases individuals from the highest income group are more 
likely to use preventive services than those with lower incomes.   
4.2      Background 
Several papers have examined the factors that may contribute to an individual’s 
decision to use preventive care services. Here I present a summary of the major findings. I 
separate the papers into two categories: research that examines how various factors affect an 
individual’s decision to engage in preventive care; and – most closely related to this research - 
research that examines the effects of insurance coverage on preventative care utilization. 
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Demographics and Usage of Preventive Care 
Papers in the preventive care literature have examined how a wide variety of 
characteristics affect the usage of preventive care services. Zhang et al. (1994) find that urban 
women were more likely to use preventive care services than their rural counterparts. They 
note that improving socioeconomic status and providing better access to insurance coverage 
may help to reduce this disparity. Ross et al (2007) examines how the working poor use 
preventive care services. Without controlling for insurance and education, they find that the 
working poor are much less likely to use preventive care services. However when they control 
for insurance and education the working poor remained less likely to receive more medical-
capital intensive screenings, but were not less likely to receive less medical-capital intensive 
screenings such as flu shots.  
Other papers have examined how self-reported health status affects the use of 
preventive care services. Wu (2003) uses data from the Health and Retirement Study and the 
Medical Expenditure Panel Survey to examine the relationship between health status and the 
likelihood of engaging in medical screenings and other preventive medical behaviors. He 
examines the utilization of flu shots, cholesterol checks, mammograms, Pap smears, self-
administered breast examinations and prostate examinations. To account for the presence of 
“high utilization” patients, patients who are more prone to seek medical care, he includes 
controls for the number of doctor’s office visits and hospital stays in the past year. Using one 
cross section from each of the two panel data sets and a Probit regression methodology, Wu’s 
findings indicate that people with more education, higher incomes and insurance coverage are 
more likely to receive all types of medical treatment. His findings show the individuals with 
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relatively poorer health are more likely to get flu shots and cholesterol checks. However, they 
are less likely to have mammograms, Pap smears, and prostate checks. 
Ahluwalia et al. (2009) examine disparities in insurance coverage among racial and 
ethnic groups in state and metropolitan areas in the U.S. They utilize data from the 2006 BRFSS 
system and analyze working adults between the ages of 18 and 64. They divide their sample 
into four age groups and examine coverage disparities by group. They sort their sample by 
Metropolitan Statistical Areas (MSAs) and produce cross-tabulations detailing coverage by age 
and racial group. According to their study, the median level of un-insurance for the states and 
DC was 17.01 percent. Nationwide 18.6 percent of working-age adults were without health 
insurance coverage. Among states the levels varied from 9.7 to 29.0 percent. Overall black and 
Hispanic population had higher rates of lack of coverage than working age white Americans. 
In a more recent paper, Carrieri and Wuebker (2013) examine inequalities in breast 
cancer and blood test screenings across 13 European countries. Across the countries in their 
sample, they find evidence that higher income individuals utilize both preventive care services 
they examine more widely. 
Other works have examined how the utilization of preventive care is affected by gender. 
Vaidya et al. (2012) examine differences in the utilization of preventive care services in the 
United States between women and men. Using data from the 2008 Medical Expenditure Panel 
Survey, they examine preventive care services that are common to both women and men. 
Using a logistic regression strategy and controlling for age, race and ethnicity, they find that in 
general, the utilization of preventive care is higher for women. 
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Insurance Coverage and Usage of Preventive Care 
Previous work has examined how insurance coverage affects an individual’s decision to 
use preventive care. Here I discuss a few of the literature’s findings on the relationship between 
insurance coverage and the use of preventive care services. Pagán et al. (2007) implement data 
from the 2001 Mexican Health and Aging Study to analyze the relationship between insurance 
coverage and the use of preventive health-care services in Mexico. Their sample consisted of 
12,100 adults aged 50 and older. The authors note that Mexico is a case of special interest. 
Health care access can be a challenge since there are multiple health-care providers with 
different mandates and objectives. Certain types of workers and citizens are eligible for 
different types of coverage and most adults are not covered by health insurance plans which 
provide access to preventive care services. There is also a gap in utilization of preventive 
services between insured and uninsured adults. They implement a logistic regression strategy 
to examine how an individual’s health insurance status is related to the use of preventive 
health care services. They find that uninsured adults were less likely to use preventive 
screenings for hypertension, high cholesterol, diabetes, and several types of cancer than 
insured adults. Similar results hold for those earning below 200 percent of the poverty level. 
Their results suggest that insured adults are in a better position to detect several chronic 
diseases. 
Tian et al. (2010) examine the demand for preventive care services in Taiwan. 
Specifically, they examine the relationship between the utilization of preventive health care 
services and inpatient services and they also examine the factors affecting the utilization of 
such services among the middle-aged and the elderly. In Taiwan, the National Health Insurance 
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(NHI) program was implemented by health authorities in 1995 and offered comprehensive 
health care coverage for all citizens. Beginning in 1996, in addition to the comprehensive 
coverage, citizens have access to free adult preventive care services once every three years for 
adults aged 40 or more, and on an annual basis for those aged 65 or more.  
Tian et al. (2010) construct a recursive simultaneous probit model to estimate whether 
the utilization of preventive care services reduces later inpatient care utilization. They find that 
the usage of preventive care services reduces the probability that one will need to use inpatient 
care services. They also note that with increased preventive services utilization medical 
resources could be managed more efficiently leading to a reduction in the financial burden 
faced by government provided health insurance coverage by reducing the probability of the 
need for future inpatient services. 
Decker et al. (2012) use Medicare claims data, the National Health Interview Survey, and 
the Health and Retirement Study to examine the relationship between insurance status before 
age 65 and the use of Medicare-covered services available to individuals once the turn 65. They 
examine how people who previously did not have insurance before becoming eligible for 
Medicare use the health care system compared to those who had insurance before qualifying 
for Medicare. They find that those who were uninsured before age 65 use the healthcare 
system differently than those who were previously insured. Specifically those without previous 
coverage made 16 percent fewer visits to physicians’ offices, but make 18 and 43 percent more 
visits to hospital emergency rooms and outpatient departments respectively. Other findings 
include that there is no statistically significant difference in Medicare expenditures after turning 
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65 years old according to insurance status before 65 years old. They present evidence that for 
at least a few years, individuals who were uninsured before age 65 rely less on outpatient care 
for the medical care.  
4.3      Data 
The main data source is the Behavioral Risk Factor Surveillance System (BRFSS). The 
BRFSS consists of repeated cross-sections from years 1995-2012. The survey is collected 
monthly by telephone interview surveys of persons aged 18 years and older and is a nationally 
representative survey of the United States and has been conducted by state health 
departments in conjunction with the Centers for Disease Control (CDC). The BRFSS collects data 
on several individual-level behavioral health risk factors associated with the leading causes of 
premature mortality and morbidity among adults, chronic health conditions, and use of 
preventive services. Fifteen states took part in the initial study in 1984 and by 1994, all 50 
states and the District of Columbia became involved. Currently the BRFSS conducts more than 
400,000 adult surveys annually.  
Of particular interest is the system’s information on usage of preventive care screenings 
and insurance coverage. The dataset contains information on the usage of preventive health 
care services and doctor visits. For example, the dataset includes information on whether an 
individual last visited a doctor for a general check-up, blood cholesterol screenings, 
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mammogram testing, breast physical examinations, Pap smear testing, flu shot and Human 
Papillomavirus (HPV) vaccinations, and colonoscopy and prostate cancer screenings.32  
Certain preventive care screenings are recommended by the CDC only once an 
individual reaches a certain age. For example, colonoscopy screenings to detect colorectal 
cancer are recommended once an individual reaches age 50. Mammograms for women and 
prostate cancer screenings for men are also only recommended for adults once they reach age 
50. In cases where the preventive service in question is only recommended for people above or 
below a certain age, the sample is restricted to reflect the age recommendation. 
From 1996-2000, the dataset also contains information on several types of insurance 
coverage. Specifically the BRFSS asks respondents if they have coverage from their employer, 
their spouse’s employer, Medicare, Medicaid, the military, the Indian Health Service, coverage 
purchased privately by the respondent, or no coverage at all. The data also contain 
demographic information such as income and education levels, gender, age, height, weight, and 
number of children.  
The data also have information on several types of demographic characteristics such as 
age, race, gender, education level and employment status. I also utilize the BRFSS information 
on whether an individual had a checkup at a doctor’s office in the previous year and a rating of 
their self-reported health status. Self-reported health status is ranked 1-5 with lower numbers 
corresponding to better self-reported health. An individual rating themselves a “1” believes 
                                                          
32 The CDC has information on who should partake in a certain preventive care screening and at what point in their 
life they should. I consult the CDC website for each particular screening and limit the samples respectively based 
on recommended age and gender for each type of screening. http://www.cdc.gov .  
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that they are in “Excellent” health, while a rating of “5” indicates their belief that they are in 
“Poor” health. 
4.4      Methodology 
In the first section of this paper I utilize data from the BRFSS from 2005-2012 and 
estimate a series of regression models to better understand how insurance coverage and 
income affects the use of preventive care. During these years, information on the specific type 
of insurance cover is unavailable. Respondents where only asked whether they had any type of 
insurance coverage with no additional detail as to the specific type of coverage. Because of this 
I also examine how people in different income groups use preventive care services. I examine 
respondent’s usage of flu shot vaccinations, colonoscopies, blood cholesterol screenings, and 
HIV tests. I then limit the sample to women and examine several female-specific preventive 
care screenings such as mammograms, Pap smears, breast physical examinations and HPV 
Vaccinations. These preventive services were chosen because of their inclusion in the BRFSS 
survey data and because of their inclusion in U.S. Preventive Services Task Force list of 
recommended preventive services33. 
In the second section of this Paper I analyze the effects of various types of insurance 
coverage on the usage of several preventive care services. I use data from the BRFSS from 
1996-2000 because information on the specific type of a respondent’s insurance is only 
available during these years. I analyze six types of insurance coverage and seven preventive 




care outcomes. The preventive care outcomes are the same as above with the exception of HPV 
vaccinations34. 
Regressions with General Insurance Coverage 
In the first section of the analysis, I utilize several cross-sections from later years of the 
BRFSS survey. During the years 2005-2012, the BRFSS no longer asked respondents about which 
type of insurance coverage they have. Respondents were only asked if they had any sort of 
health plan.  Data from these years were also used to examine the differences in utilization of 
preventive care services among from different income groups. Five income groups were 
considered (with category names in parentheses): $0-$14,999 (low), $15,000-$24,999 
(medium-low), $25,000-$49,999 (medium), $50,000-$74,999 (medium-high), and $75,000 and 
above (high)35. I examine the usage flu shots, colonoscopies, blood cholesterol tests, HIV tests, 
mammograms, pap smears, breast physical exams, prostate cancer screenings and HPV 
vaccinations. Regressions examining the usage of HPV vaccinations are limited to those age 49 
and below since there were no individuals above that age in the sample who had partaken in 
the vaccine.  I control for whether respondents have visited a doctor for a general check-up in 
the last year and individual respondents’ self-reported measures of their general health similar 
to Wu (2003). I also control for demographic characteristics such as income and education 
levels, gender, and age. I estimate regressions of the following form: 
𝑃𝑅𝐸𝑉𝐸𝑁𝑇𝑖 =  𝛽0 + 𝛽1𝐻𝐸𝐴𝐿𝑇𝐻𝑃𝐿𝐴𝑁𝑖 +  𝛽2𝑋𝑖 +  𝜏𝑡 +  𝛾𝑖 + 𝜀𝑖 
 
                                                          
34 Information on respondent’s use of HPV vaccinations is not available from 1996-2000.  
35 These income categories are included in the BRFSS data. When using the income categories in regressions, the 
highest income category is omitted. 
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The variable PREVENT represents each type of preventive care screening. HEALTHPLAN 
is a dummy variable which is equal to 1 if the respondent had any sort of health plan in the 
previous year. 𝑋 is a matrix of individual specific characteristics including an individual’s age, 
education and income level, employment status, BMI36, smoker status37, gender, race, marital 
status, self-assessed general level of health38, whether or not they have visited a doctor for a 
general check-up in the previous year, and the income categories mentioned above. Again, 𝜏 
and 𝛾 represent controls for year and the state in which the respondent resides, respectively, 
and 𝜀 is an error term.  
Summary statistics for regressions with men and women are shown in Table 18 and 
summary statistics for regressions with limited sample sizes are shown in Table 19. The full 
sample consists of 3,205,179 observations. Roughly 25 percent of the sample falls into the 
medium income category and another 25 percent in the medium-high income category. The 
majority of the sample has at least a high school diploma and roughly 34 percent are college 
graduates. Eighty-nine percent of the sample had some sort of health coverage and roughly 72 
percent visited a doctor’s office in the previous year. 
 
                                                          
36 Body Mass Index (BMI) is a number calculated from a person's weight and height. BMI can be considered an 
alternative for direct measures of body fat. A BMI in the range of 18.5-25 is considered normal, a BMI of 25-29.9 is 
considered overweight, and a BMI of greater than 30 is considered obese. 
37 Smoker status indicates whether or not the respondent is a current cigarette smoker at the time of the BRFSS 
survey interview. 
38 Respondents report whether they believe they are in good or poor health on a scale of 1-5 with one being good 
health and 5 being poor health.  
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Regressions with specific insurance coverage type 
In the second section of this paper I use only data from 1996-2000, which contains 
information on specific insurance coverage type. In particular, the BRFSS questions asks 
respondents whether they have insurance coverage from their employer, their spouse’s 
employer, Medicare, Medicaid, the Military, the Indian Health Service, private insurance, or 
some other form of coverage. I examine all the preventive care services as above with the 
exception of prostate cancer screenings and HPV vaccinations39. I also implement the same 
controls as above. I control for an individual’s self-reported health status, whether they have 
visited a doctor for a checkup in the last year and several demographic characteristics. I 
estimate regressions of the following form: 
𝑃𝑅𝐸𝑉𝐸𝑁𝑇𝑖 =  𝛽0 +  𝛽1𝐼𝑁𝑆𝑈𝑅𝐴𝑁𝐶𝐸𝑖 +  𝛽2𝑋𝑖 +  𝜏𝑡 +  𝛾𝑖 + 𝜀𝑖 
 
The variable INSURANCE represents the different categories of insurance mentioned 
above. The variables PREVENT, x, τ, ϒ, and ϵ represent the same as above. Summary statistics 
for these regressions are shown in Table 22. The full sample consists of 606,937 observations 
spanning the years 1996-2000. Roughly 65 percent of the sample have insurance coverage 
through their employer and 16 percent have no coverage at all.   
4.5      Results 
Regressions with General Insurance Coverage 
In this section results from regressions with a general insurance coverage variable and 
different income category variables are presented. I examine the effect of insurance coverage 
                                                          
39 Data for these two preventive care services were not available during the time period 1996-2000. 
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and individual’s income level on the utilization of nine preventive care outcomes. This sub-
section is further broken down into three parts: results from the full sample including both men 
and women, results from male-specific preventive care services, and results from female-
specific preventive care services. 
 I present the results from the series of regression models of preventive services utilized 
by both men and women in Table 20. Individuals with any type of health insurance coverage 
were more likely to receive preventive services similar to Pagán et al. (2007). It is clear that 
income is a factor in the utilization of all preventive services. Those in the lowest income group 
are consistently less likely to use these select preventive care services than those in the highest 
income group. As income rises, individuals become more likely to utilize these services. This is 
similar to findings by Wu (2003), Ross et al. (2007), and Carrieri and Wuebker (2013). 
 Having health insurance increases the likelihood that an individual will use preventive 
care services. When I examine flu shots I estimate a marginal effect of 0.134. This implies that 
individuals with any type of insurance coverage are 13.4 percentage points more likely to 
receive a flu shot than those with no coverage. This trend is also apparent when examining 
colonoscopy screenings and blood cholesterol tests. I estimate marginal effects of 0.085 and 
0.058 respectively. This suggests that individuals with insurance coverage are 8.5 percentage 
points more likely to have a colonoscopy screening and 5.8 percentage points more likely to 
have a blood cholesterol test than those with no insurance coverage.  
 In this section I also examine how individuals in different income groups use preventive 
care. I find that those in the lowest income group are consistently less-likely to use preventive 
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services than those with the highest incomes. When examining flu shots, colonoscopy 
screenings and blood cholesterol checks I estimate marginal effects of -0.032, -0.045 and -0.042 
respectively. This implies that those in the lowest income group are roughly 4 percentage 
points less likely to use the preventive services mentioned above. This trend is consistent in the 
rest of the income groups. As income increases individuals are more likely to use these 
preventive services. 
 Similar to Wu (2003), I also control for whether an individual has had a checkup at a 
doctor’s office in the past year and their self-reported measures of their general health. 
Individuals with a checkup in the previous year were 6.0, 9.0, and 8.7 percentage points more 
likely to have a flu shot, colonoscopy and blood test relative to people who had not visited a 
doctor’s office in the previous year40. The lower individuals rated their self-reported health, the 
more likely they were to receive preventive care services as well, although only slightly so. 
 The control variables were significant at the 99 percent level in almost all cases and in 
most cases do not change signs. In all cases men were less likely to receive the preceding 
preventive care services than women, similar to Vaidya et al. (2012). Older individuals were 
more likely to seek out preventive care. Those with higher BMI levels were more likely to seek 
out these services. In all cases smokers were less likely to receive the services. Employed 
individuals were more likely to receive blood cholesterol checks, but less likely to receive a flu 
shot or a colonoscopy. 
                                                          
40 Regressions were also run without controlling for a check-up in the previous year due to a concern that the 
check-up last year variable might be picking up some of the effects of insurance coverage. As a result the marginal 
effect of the health plan variable increased slightly by a range of 0.1 to 1 percentage point which indicates that the 
health plan variable was accounting for some of the effect of visiting a doctor in the previous year. 
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I now proceed with an examination of utilization of prostate checks for prostate cancer. 
This sections uses the same BRFSS sample from 2005-2012, but limits the sample to men only 
since there is no prostate check for women. Summary statistics for this section can be found in 
Table 19 and the results for this section are presented in Table 20. 
 Similar to Wu (2003) and Pagán et al. (2007), individuals with a health plan and a check-
up last year were both more likely to receive a prostate check in the previous year with 
marginal effects of 0.045 and 0.097 respectively. Similar to most of the regressions in the 
previous section, the results from prostate check regressions show an income bias. Relative to 
the highest income earners in the sample, the lowest income earners are 5 percentage points 
less likely to receive a prostate check. A person’s self-reported general health status seems to 
have a very small and insignificant effect on prostate check utilization. Older individuals and 
those with higher levels of education are more likely to receive a prostate check. Blacks were 
more likely to have their prostates checked than whites. 
I now move on to regressions of women-specific preventive care services. In this section 
I examine the usage of mammograms, Pap smears, breast physical exams, and HPV 
vaccinations. The results from these regressions are presented in Table 21. 
Similar to the findings from the full sample, women with health insurance were more 
likely to use preventive care services. I estimate marginal effects of 0.049, 0.009 and 0.027 for 
mammograms, pap smears and breast physical examinations respectively. This implies that 
women with insurance coverage are 4.9, 0.9 and 2.7 percentage points more likely to receive 
the preceding preventive services than women without coverage. Women with insurance 
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coverage were also much more likely to have an HPV vaccination. I estimate a marginal effect of 
0.093 for HPV vaccinations, which implies that women with insurance coverage are 9.3 
percentage points more likely to have the series of HPV vaccination injections than those 
without coverage.  
 Similar to the full sample I also examine how income can affect a woman’s decision to 
use preventive services. Women in the lowest income category were 2.1 percentage points less 
likely to have a mammogram. However, I find that women in the medium and medium-high 
income groups were more likely to have a mammogram than those in the highest income 
group. These results were very small though. Pap smears examinations also follow a similar 
trend with women in the lowest income group being the least likely to have pap smear while 
women in the middle income groups were slightly more likely than women in the highest 
income group to have a pap smear.  
 Women who had a checkup in the previous year were more likely to have use the 
preceding preventive services. I estimate marginal effects of 0.055, 0.014, 0.035, and 0.100 for 
mammograms, pap smears, breast physical examinations and HPV vaccinations. For HPV 
vaccinations, women with a check-up in the previous year were 10 percentage points more 
likely to have the series of vaccinations. This highlights how visiting a doctor can be a significant 
driver in the usage of relatively new preventive care services. There was not a large difference 
in the likelihood of using preventive care services between women who rated themselves as 
being in poor health and women who rated themselves as being in good health. 
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 Identical control variables were used in all four women-specific regressions. In all 
regressions, as women age they are less likely to seek out these services, but only slightly so. In 
all cases higher levels of education lead to higher utilization of these preventive care services 
similar to Wu (2003). Smokers were less likely to receive mammograms and HPV vaccinations, 
but more likely to have a Pap smear or breast physical examination. Those with higher BMI 
levels were more likely to have mammograms, Pap smears, and breast physical examinations, 
but less likely to have the series of HPV vaccinations. Single women were more likely than 
married women to have an HPV vaccination, but less likely than married women to have a 
mammogram, Pap smear, or breast physical examination. Black women were more likely than 
white women to have mammograms, Pap smears, and the series of HPV vaccinations, but only 
slightly so.    
Different Types of Insurance Coverage 
 In this section I present results from the series of models that explain the utilization of 
various preventive care services as a function of different types insurance coverage. BRFSS data 
from 1996-2000 are used since these are the only years the survey asked about respondent’s 
specific type of insurance coverage. I analyze six types of insurance coverage and 7 preventive 
care outcomes. Summary statistics for this section are shown in Table 22 and results are shown 
in Table 23 and Table 24. This sub-section is also broken down into two sub-sections: results 
from the full sample including men and women and results from the limited sample of female 
specific preventive care outcomes. 
Shown in column 1 of Table 23, flu shot utilization varied greatly among respondents 
with different types of insurance coverage. With the exception of military coverage, all other 
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respondents with different types of insurance coverage were less likely to receive a flu shot 
than those with private coverage. Relative to those with a private insurance plan, those with 
insurance coverage through the military were much more likely to receive a flu shot 
vaccination. The sample mean for those receiving flu shot was 0.23. The marginal effects for 
those with military coverage was 0.213, meaning that the average person with military 
coverage had 21.3 percentage points higher likelihood of receiving a flu shot than those with 
private coverage. The marginal effects for flu shot utilization for employer, Medicaid, other, and 
no coverage are 0.000, -0.039, -0.010, and -0.069 respectively. Those with no insurance 
coverage were the least likely to receive a flu shot in the previous year. Those visiting a doctor’s 
office for a check-up in the previous year were 9.3 percentage points more likely to receive a flu 
shot than the sample mean. Also, individuals who rated themselves in poorer health were 1.7 
percentage points more likely to receive a flu shot. 
The results for colonoscopy screenings are presented in column 2 of Table 23. Those 
with employer military coverage were more likely to receive a colonoscopy screening than 
those with private insurance coverage, however the resulting marginal effects were not 
significant. Those with no coverage were 2.3 percentage points less likely to receive a 
colonoscopy than those with private insurance coverage. This result was significant at the 99 
percent level. Those with Medicaid and other coverage were only slightly less likely to have a 
colonoscopy than those with private insurance, however these results came in as insignificant. 
Again if an individual visited a doctor’s office for a check-up within the previous year they were 
4.3 percentage points more likely to receive a colonoscopy than the average individual in the 
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sample. Those who rated themselves as having poor health were 1.1 percentage points more 
likely to have a colon screening than the sample mean. 
Presented in column 3 of Table 23 are results on the utilization of blood cholesterol 
tests. Similar to the colonoscopy results, those with employer and military coverage were more 
likely to receive a blood cholesterol test. Those with military coverage were 8.8 percentage 
points more likely to receive a blood cholesterol test than those with private coverage. The 
marginal effects for employer, military, Medicaid, other, and no coverage were 0.003, 0.088, -
0.009, -0.001, and -0.082 respectively. The marginal effects for military and no coverage are 
significant at the 99 percent level. Those who received a check-up within the past year were 
17.1 percentage points more likely to receive a blood cholesterol test than the sample mean 
and those with poorer ratings of self-assessed health status were 0.9 percentage points more 
likely than the sample mean. Both of these results are significant at the 99 percent level. 
The above results are similar to those found by Pagán et al. (2007). Insured individuals 
are more likely to use preventive screenings than uninsured individuals. The control variables 
included in the preceding regressions had similar magnitudes and generally retained their 
significance across regressions. Similar to Wu (2003), individuals with higher levels of education 
are more likely to seek out these preventive health care services. All marginal effects for 
education were positive and significant at the 99 percent level. With the exception of HIV 
testing, as individuals age they were more likely to seek out preventive services. Also, with the 
exception of HIV testing, smokers were less likely to seek out preventive services. With the 
exception of blood cholesterol tests, men were more likely than women to participate in 
preventive screenings similar to Vaidya et al. (2012). 
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The following paragraphs present results of regressions for female-specific preventive 
health care measures. These results are presented in Table 24, beginning with mammogram 
screenings which are presented in column 1. The marginal effects for employer, military, 
Medicaid, other, and no coverage are 0.008, 0.014, -0.021, 0.009, -0.052 respectively. Those 
with employer coverage were 0.7 percentage points more likely to receive a mammogram than 
those with privately-sourced insurance. This result is significant at the 95 percent level. Those 
with Medicaid coverage were 2.1 percentage points and those with no coverage were 5.2 
percentage points less likely to receive a mammogram than those with private coverage. 
Women who visited a doctor’s office in the previous year were 15 percentage points more 
likely to have a mammogram and those who rated themselves in poorer health were 0.4 
percentage points more likely to have a mammogram in the past year. Both of these marginal 
effects are significant at the 99 percent level.  
Most women in the sample seemed to have had a Pap smear screen. The sample mean 
for a Pap smear screening was 0.98. However all types of insurance coverage point to an 
increased likelihood of receiving a Pap smear. The marginal effects for employer, military, 
Medicaid, other, and no coverage were 0.005, 0.007, 0.012, 0.002, and 0.000 respectively. The 
marginal effects for employer, military, and Medicaid coverage were significant at the 99 
percent level. Women having a check-up within the past year were 2.0 percentage points more 
likely to have a Pap smear. Also those with poorer ratings of self-reported health were less 
likely to have a Pap smear by 0.1 percentage points. The marginal effects for these two 
variables are significant at the 99 percent level.  
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In regressions examining the utilization of breast physical examinations, the marginal 
effects for employer, military, Medicaid, other, and no coverage are 0.011, 0.020, 0.015, 0.001, 
-0.011 respectively. The marginal effects for employer, military, and Medicaid are significant at 
the 99 percent level. Those having a check-up within the past year were 5 percentage points 
more likely to have a breast-physical examination and this marginal effect is significant at the 
99 percent level. Those who rate their health poorer were less likely to receive a breast physical 
examination by 0.3 percentage points. This marginal effect is also significant at the 99 percent 
level.  
Since mammograms are recommended for those above 50 years of age, it is not 
surprising that the marginal effect for the age variable is negative. Even with the mammogram 
sample restricted to women over 50, younger women were less likely to have a mammogram. 
However, this marginal effect is very small and not significant. Education and income level have 
a positive relationship with the utilization or preventive services among women, similar to Wu 
(2003). In all cases the marginal effects for education and income are significant at the 99 
percent level. Single women are less likely to seek out these preventive services than married 
women and this marginal effect is significant at the 99 percent level. Women who smoked are 
more likely to have Pap smears and breast physical examinations but less like to have a 
mammogram. The marginal effect for women who smoke is also significant at the 99 percent 
level. Women with higher income levels were 0.5-1.0 percentage points more likely to receive 
preventive services similar to Carrieri and Wuebker (2013). 
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4.6      Discussion and Conclusion 
 This Paper has examined the utilization of several different preventive care services by 
looking at differences in the specific type of insurance coverage held by an individual and 
differences in income among individuals. Results show that there are indeed differences in the 
usage of preventive services. 
 In the first section of this paper I find that there is a significant pro-high income bias in 
the usage of preventive services similar to Carrieri and Wuebker (2013). In the first section of 
this paper, individuals were divided into 5 income groups. With the exception of HIV testing and 
HPV vaccinations, individuals become more likely to utilize preventive services as they climb 
through the different income groups. That is, individuals in higher income groups are more 
likely to use preventive services than those in the middle income groups who are more likely to 
use preventive services than those in low income groups.  
 In this section I was also able to take a look at two preventive services that were not 
asked about in earlier years of the sample. Prostate cancer checks followed similar trends as 
other preventive services, namely as individuals age and have higher levels of education and if 
they have had a check-up in the last year, they are more likely to have a prostate cancer 
screening. Questions about HPV vaccinations were asked in the latest years of the survey. 
However, the number of observations, roughly 5,284, is much smaller relative to the other 
samples analyzed in this paper. HPV vaccination data is only available in the later years of the 
BRFSS survey and the sample is limited to those between ages 18 and 26 per the recommended 
age limit for receiving the HPV vaccination. Perhaps the sample size is responsible for the 
unique results. Individuals in the lowest and highest income groups were very similar in there 
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usage of preventive services. However, those in the middle income groups were much more 
likely to receive a vaccination. More observations would help increase the understanding of this 
result. It could be that this is a relatively cheap vaccination that can prevent the spread of 
several strains sexually transmitted diseases as well as cervical cancer and because of the cost, 
individuals from all income groups are equally likely to make use of it.  
A significant driver in the majority of these preventive care screenings appears to be 
whether or not an individual has visited a doctor’s office in the previous year. Perhaps a yearly 
chat with one’s doctor can lead to a significant increase in the take-up of preventive care 
services. In all cases the effect of a check-up in the last year carries the same sign as the 
insurance coverage variable which leads me to believe that it too is an important driver in the 
decision to use many preventive care screenings41. 
 To conclude, the paper has shown that individuals with certain types of insurance 
coverage or no coverage are less likely to receive preventive services. Also there is a pro-rich 
bias in the utilization of most of the preventive services considered in this paper. In the future 
with more individuals gaining insurance coverage through the newly passed Affordable Care 
Act, I expect that we will continue to see an increase in the utilization of preventive services 
throughout the country. 
In the second section of this Paper I examined how individuals with insurance coverage 
from an employer or their spouse’s employer, the military, Medicaid, some sort of other 
coverage, and those with no coverage use preventive care services relative to those who have 
                                                          
41 Regressions were also run without controlling for a check-up in the previous year. As a result the marginal effect 
of the health plan variable increased slightly by a range of 0.1 to 1 percentage point which shows that the health 
plan variable was accounting for some of the effect of visiting a doctor in the previous year. 
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purchased their own insurance coverage on the private market. Individuals with insurance 
coverage through a branch of the military seem to have higher rates of utilization of services 
relative to private coverage, than any other type of coverage. This could be a result of the 
military’s preference to ensure that its personnel are in good health and to make sure they are 
fit for service. With the exception of flu shots and HIV tests, individuals with employer coverage 
were more likely than those with private insurance plans use the preventive services covered in 
this paper. However, these results were very small, which indicates that there is not a 
significant difference in utilization of preventive services between employer sponsored and 
privately purchased insurance plans.  
 Individuals with coverage through Medicaid were less to have a mammogram, flu shot, 
and blood cholesterol test than those with private coverage. However, Medicare coverage 
holders were 12 percentage points more likely to have an HIV test than individuals with private 
insurance coverage. Initially I believed that this could be because poorer individuals are more 
likely to contract HIV. However, Gillespe et al. (2007) state that “whereas it is true poor 
individuals and households are more likely to be hit harder by the downstream impacts of AIDS, 
their chances of being exposed to HIV in the first place are not necessarily greater than 
wealthier individuals or households.” Medicare providers could possible realize the potential 
difficulties for poorer individuals with AIDS and thus make a greater effort for recommending 
testing for poor individuals.  
 Similar to Pagán et al. (2007), individuals with no coverage were much less likely than 
those with private coverage to receive any type of preventive care covered in this paper. 
Individuals with no coverage were 6.9 percentage points less likely to receive a flu shot, 2.3 
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percentage points less likely to receive a colonoscopy, 8.2 percentage points less likely to 
receive a blood cholesterol check, 1.8 percentage points less likely to receive an HIV screening, 
5.2 percentage points less likely to receive a mammogram, and 1.1 percentage points less likely 
to receive a breast physical exam. It seems that once an individual becomes covered by any 





4.7      Tables 
Table 18: 2005-2012 Full Sample Summary Statistics  
Flu Shot 0.423 (0.0004) 
0.019 ( 
Colonoscopy 0.019 (0.0001) 
Blood Cholesterol Test 0.872 (0.0002) 
Income Categories  
  $0-$14,999 0.104 (0.0002) 
  $15,000-$24,999 0.156 (0.0002) 
  $25,000-$49,999 0.251 (0.0002) 
  $50,000-$74,999 0.246 (0.0002) 
  $75,000+ 0.216 (0.0002) 
Health Plan (1=yes) 0.886 (0.0002) 
Doctor Visit Last Year 0.715 (0.0003) 
Sex (Male=1) 0.395 (0.0003) 
Age 54.47 (0.010) 
Less Than High School 0.031 (0.0001) 
Some High School 0.063 (0.0001) 
High School Grad 0.300 (0.0003) 
Some College 0.267 (0.0002) 
College Grad 0.339 (0.0003) 
Employed 0.519 (0.0003) 
Unemployed 0.049 (0.0001) 
Not In Labor Force 0.430 (0.0003) 
Smoker 0.174 (0.0002) 
BMI 27.47 (0.003) 
White 0.786 (0.0002) 
Black 0.079 (0.0002) 
Hispanic 0.068 (0.0001) 
Asian/Pacific Islander 0.040 (0.0001) 
Other Race 0.086 (0.0002) 
Single 0.126 (0.0002) 
Married 0.550 (0.0003) 
Divorced 0.141 (0.0002) 
Unmarried Couple 0.023 (0.0000) 
Self-Reported General Health Status 
 
2.56 (0.0006) 




Table 19: 2005-2012 Limited Sample Summary Statistics 
 
Males Only 
Females Only (HPV 
Vaccinations 
Excluded) 
Females Only (HPV 
Vaccinations Included) 
Prostate Check 0.26 (0.00039) -- -- 
Mammogram -- 0.79 (0.00040) -- 
Pap Smear -- 0.96 (0.00020) -- 
Breast Physical Exam -- 0.92 (0.00027) -- 
HPV Vaccination -- -- 0.074 (0.0014) 
Income Categories    
  $0-$14,999 0.079 (0.00024) 0.12 (0.00032) 0.092 (0.0015) 
  $15,000-$24,999 0.14 (0.00031) 0.17 (0.00037) 0.13 (0.0017) 
  $25,000-$49,999 0.25 (0.00039) 0.24 (0.00042) 0.21 (0.0021) 
  $50,000-$74,999 0.16 (0.00033) 0.14 (0.00034) 0.16 (0.0019) 
  $75,000+ 0.28 (0.00040) 0.20 (0.00040) 0.32 (0.0024) 
Health Plan (1=yes) 0.88 (0.00029) 0.90 (0.00030) 0.87 (0.0018) 
Doctor Visit Last Year 0.66 (0.00042) 0.75 (0.00043) 0.72 (0.0023) 
Age 53.68 (0.015) 55.10 (0.017) 37.00 (0.047) 
Less Than High School 0.032 (0.0002) 0.038 (0.0002) 0.006 (0.001) 
Some High School 0.060 (0.0002) 0.071 (0.0002) 0.057 (0.004) 
High School Grad 0.292 (0.0004) 0.337 (0.0005) 
0.271 (0.0004 
0.257 (0.008) 
Some College 0.247 (0.0004) 0.271 (0.0004) 0.343 (0.009) 
College Grad 0.366 (0.0004) 0.281 (0.0004) 0.336 (0.009) 
Employed 0.59 (0.00044) 0.47 (0.00049) 0.68 (0.0024) 
Unemployed 0.053 (0.00020) 0.046 (0.00021) 0.072 (0.0013) 
Not In Labor Force 0.36 (0.00043) 0.48 (0.00049) 0.25 (0.0022) 
Smoker 0.19 (0.00035) 0.16 (0.00037) 0.20 (0.00021) 
BMI 27.92 (0.0045) 27.21 (0.060) 26.95 (0.033) 
White 0.80 (0.00036) 0.78 (0.00041) 0.74 (0.0023) 
Black 0.065 (0.00022) 0.090 (0.00028) 0.089 (0.0015) 
Hispanic 0.066 (0.00022) 0.067 (0.00025) 0.11 (0.0016) 
Asian/Pacific Islander 0.043 (0.00018) 0.037 (0.00019) 0.041 (0.0010) 
Other Race 0.084 (0.00025) 0.086 (0.00028) 0.13 (0.0017) 
Single 0.15 (0.00032) 0.11 (0.00031) 0.21 (0.0021) 
Married 0.62 (0.00043) 0.51 (0.00049) 0.57 (0.0026) 
Divorced 0.13 (0.00030) 0.15 (0.00036) 0.12 (0.0017) 
Unmarried Couple 0.025 (0.00014) 0.022 (0.00014) 0.041 (0.0010 
Self-Reported General Health 
Status 
 
2.55 (0.00098) 2.57 (0.0011) 2.29 (0.0053) 
Observations 1,216,047 1,388,030 5,284 
Note: Means and standard errors presented here. Standard errors are in parentheses. The HPV sample is limited 




Table 20: Utilization of Select Preventive Care Services by Income Level among Males and Females 2005-




P(FS) = 0.336 
Colonoscopy 
P(Colon) = 0.160 
Blood Cholesterol Test 
P(BC) = 0.918 
Health Plan 0.134 (0.002)** 0.085 (0.001)** 0.058 (0.001)** 




Med-Low Income -0.004 (0.002) -0.033 (0.001)** 
 
-0.037 (0.001)** 
Medium Income -0.007 (0.002)** -0.007 (0.001)** -0.021 (0.001)** 
Medium-High Income -0.012 (0.002)** 0.009 (0.001)** -0.006 (0.001)** 
Check-Up Last Year 0.060 (0.004)** 0.092 (0.001)** 0.087 (0.001)** 
Gender (Male=1) -0.011 (0.002)** -0.005 (0.001)** -0.010 (0.000)** 
Age 0.010 (0.000)** 0.002 (0.000)** 0.004 (0.000)** 
Less Than High School -0.097 (0.003)* -0.097 (0.001)** -0.159 (0.002)** 
Some High School -0.064 (0.002)** -0.081 (0.001)** -0.105 (0.0071** 
High School Grad -0.050 (0.002)* -0.060 (0.001)** -0.059 (0.001) 
Some College -0.026 (0.002)** -0.032 (0.001)** -0.027 (0.001)** 
Employed -0.057 (0.002)** -0.041 (0.001)** 0.008 (0.000)** 
Unemployed -0.076 (0.004)** -0.027 (0.001)** 0.005 (0.001)** 
BMI 0.001 (0.000)** 0.002 (0.000)** 0.003 (0.000)** 
Smoker -0.062 (0.002)** -0.050 (0.001)** -0.016 (0.000)** 
Black -0.047 (0.004)** -0.020 (0.001)** -0.012 (0.001)** 
Hispanic -0.002 (0.004) -0.029 (0.002)** -0.016 (0.002)** 
Asian/PI 0.024 (0.005)** -0.049 (0.001)** -0.024 (0.001)** 
Other Race -0.016 (0.005)** -0.014 (0.001)** -0.012 (0.001) 
Single 0.054 (0.003)** -0.037 (0.002)** -0.026 (0.001)** 
Divorced -0.022 (0.002)** -0.008 (0.001)** 0.004 (0.001)** 
Un-Married Couple 0.009 (0.002) -0.013 (0.002)** -0.020 (0.001)** 
General Health 0.029 (0.001)** 0.008 (0.000)** 0.005 (0.000)** 
Observations 487,974 1,982,153 1,938,110 
Note: Standard errors in parentheses. These marginal effects are calculated with a standard Logit model with state and year fixed 
effects and state-clustered standard errors. ** results are significant at the 1% level and * are significant at the 5% level. State and 







Table 20: Utilization of Prostate Checks by Income 
Level among Males 2005-2012 
 Prostate Check 
P(Prostate) = 0.138 
Health Plan 0.045 (0.001)** 
Low Income -0.050 (0.001)** 
Med-Low Income -0.039 (0.001)** 
Medium Income -0.012 (0.001)** 
Medium-High Income -0.004 (0.001)** 
Check-Up Last Year 0.097 (0.001)** 
Age 0.007 (0.000)** 
Less Than High School -0.085 (0.001)** 
Some High School -0.075 (0.001) 
High School Grad 0.051 (0.001)** 
Some College 0.024 (0.001)** 
Employed 0.013 (0.000)** 
Unemployed 0.006 (0.002)** 
Smoker -0.023 (0.001)** 
Black 0.034 (0.001)** 
Hispanic 0.005 (0.001) 
Asian/Pacific Islander -0.050 (0.001)** 
Other Race -0.010 (0.003)** 
Single -0.031 (0.001)** 
Divorced -0.006 (0.001)** 
Unmarried Couple -0.007 (0.003)** 
General Health -0.002 (0.000)** 
Observations 1,216,047 
Note: Standard errors in parentheses. These marginal effects are 
calculated with a standard Logit model with state and year fixed 
effects and state-clustered standard errors. ** results are 
significant at the 1% level and * are significant at the 5% level. 
State and year controls employed in all regressions. Males only 






Table 21: Utilization of Select Preventive Care Services by Income Level among Females 2005-




P(Mam) = 0.963 
Pap Smear 
P(Pap) = 0.970 
Breast Physical Exam 
P(BFE) = 0.0937 
HPV Vaccination 
P(HPV) = 0.0302 
Health Plan 0.049 (0.001)** 0.009 (0.001)** 0.027 (0.001)** 0.093 (0.017)** 
Low Income -0.021 (0.001)** -0.001 (0.000)* -0.020 (0.001)** -0.043 (0.020)* 
Med-Low Income -0.010 (0.001)** 0.001 (0.000) -0.014 (0.001)** -0.053 (0.018)** 
Medium Income 0.001 (0.001) 0.008 (0.000)** 0.005 (0.001)** -0.040 (0.018)* 
Medium-High Income 0.005 (0.001)** 0.014 (0.000)** 0.024 (0.001)** -0.024 (0.021) 
Check-Up Last Year 0.055 (0.001)** 0.014 (0.000)** 0.035 (0.001)** 0.100 (0.014)** 
Age -0.001 (0.000)** 0.000 (0.000)** 0.000 (0.000)** 0.012 (0.001)** 
Less Than High 
School 
-0.053 (0.004) -0.063 (0.002)** -0.128 (0.002)** -0.163 (0.053)** 
ome High School -0.041 (0.001) -0.051 (0.001)** -0.108 (0.002)** 0.008 (0.032) 
High School Grad -0.021 (0.001)** -0.027 (0.001)** -0.059 (0.001)** 0.024 (0.019) 
Some College -0.010 (0.001)** -0.015 (0.001)** -0.026 (0.001)** 0.045 (0.017)** 
Employed -0.005 (0.001)** 0.021 (0.000)** 0.027 (0.001)** -0.012 (0.015) 
Unemployed -0.002 (0.001) 0.012 (0.000)** 0.014 (0.001)** -0.015 (0.024) 
BMI 0.001 (0.000)** 0.001 (0.000)** 0.001 (0.000)** -0.001 (0.001) 
Smoker -0.026 (0.001)** 0.012 (0.000)** 0.007 (0.001)** -0.033 (0.017) 
Black 0.005 (0.001)** 0.003 (0.001)** -0.014 (0.001)** -0.090 (0.019)** 
Hispanic 0.011 (0.001)** -0.004 (0.001)** -0.037 (0.003)** 0.043 (0.048)  
Asian/PI -0.010 (0.001)** -0.044 (0.001)** -0.086 (0.002)** -0.037 (0.030) 
Other Race -0.006 (0.002)** -0.003 (0.001)** -0.007 (0.002)** -0.043 (0.039) 
Single -0.031 (0.001)** -0.093 (0.001)** -0.083 (0.001)** 0.254 (0.015)** 
Divorced -0.001 (0.001) 0.003 (0.000)** 0.006 (0.001)** 0.015 (0.052) 
Un-Married Couple -0.010 (0.002)** -0.007 (0.001)** -0.014 (0.002)** 0.222 (0.034)** 
General Health 0.003 (0.000)** -0.001 (0.000)** -0.003 (0.003)** -0.019 (0.008)* 
Observations 828,730 1,388,030 1,387,980 5,284 
Note: Standard errors in parentheses. These marginal effects are calculated with a standard Logit model with state 
and year controls and state-clustered standard errors. ** results are significant at the 1% level and * are significant 
at the 5% level. State and year controls employed in all regressions. HPV Vaccinations are limited to women below 





Table 22: 1996-2000 Sample Summary Statistics 
 Males and Females Females Only 
Flu Shot 0.23 (0.0019) -- 
Colonoscopy 0.11 (0.0014) -- 
Blood Cholesterol Test 0.72 (0.0020) -- 
HIV Test 0.45 (0.0022) -- 
Mammogram -- 0.55 (0.0010) 
Pap Smear -- 0.97 (0.00038) 
Breast Physical Exam -- 0.92 (0.00058) 
Employer Coverage 0.65 (0.0021) 0.67 (0.00099) 
Private Coverage 0.062 (0.0011) 0.067 (0.00052) 
Military Coverage 0.012 (0.00048) 0.014 (0.00025) 
Medicaid Coverage 0.050 (0.00096) 0.046 (0.00044) 
Other Coverage 0.014 (0.00051) 0.013 (0.00024) 
No Coverage 0.16 (0.0016) 0.14 (0.00074) 
Doctor Visit Last Year 0.75 (0.0019) 0.75 (0.00091) 
Sex (Male=1) 0.42 (0.00058) -- 
Age 40.91 (0.053) 40.04 (0.025) 
Less Than High School 0.027 (0.0002) 0.026 (0.0003) 
Some High School 0.068 (0.003) 0.069 (0.0004) 
High School Grad 0.32 (0.006) 0.321 (0.008) 
Some College 0.29 (0.006) 0.300 (0.0008) 
College Grad 0.30 (0.006) 0.283 (0.0008) 
Income 5.08 (0.0090) 5.12 (0.0043) 
Employed 0.69 (0.0020) 0.71 (0.00095) 
Unemployed 0.043 (0.00090) 0.042 (0.00042) 
Not In Labor Force 0.25 (0.0019) 0.24 (0.00090) 
.. Smoker 0.26 (0.0019) 0.25 (0.00091)
White 0.82 (0.0017) 0.83 (0.00079) 
Black 0.11 (0.0014) 0.10 (0.00064) 
Hispanic 0.085 (0.0012) 0.082 (0.00057) 
Asian/Pacific Islander 0.020 (0.00060) 0.021 (0.00030) 
Other Race 0.042 (0.00088) 0.040 (0.00041) 
Single 0.16 (0.0016) 0.17 (0.00079) 
Married 0.56 (0.0022) 0.56 (0.0010) 
Divorced 0.17 (0.0017) 0.16 (0.00077) 
Unmarried Couple 0.024 (0.00067) 0.026 (0.00033) 
Self-Reported General Health Status 
(Ranked 1-5 with 5 being poor health) 
2.35 (0.0047) 2.27 (0.0022) 
Observations 606,937 349,712 
Note: Means and standard errors presented here. Standard errors are in parentheses. 
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Table 23: Utilization of Select Preventive Care Services by Type of Health Care Coverage among Males and 
Females 1996-2000: Marginal Effects of Logit Regressions Presented 
 Flu Shot: P(FS) = 0.23 
Colonoscopy: 
P(Colon) = 0.11 
Blood Cholesterol Test: 
P(BC) = 0.72 
HIV Test: P(HIV) = 
0.45 
Employer Coverage 0.000 (0.002) 0.002 (0.002) 0.003 (0.003) -0.051 (0.003)** 
Military Coverage 0.213 (0.009)** 0.007 (0.005) 0.088(0.006)** 0.242 (0.007)** 
Medicaid Coverage -0.039 (0.005)** -0.003 (0.005) -0.009 (0.006) 0.117 (0.006)** 
Other Coverage -0.010 (0.007) -0.006 (0.006) -0.001 (0.009) -0.028 (0.008)** 
No Coverage -0.069 (0.003)** -0.023 (0.003)** -0.082 (0.004)** -0.017 (0.004)** 
Check-Up Last Year 0.093 (0.002)** 0.043 (0.002)** 0.171 (0.002)** 0.095 (0.002)** 
Gender (Male=1) 0.009 (0.002)** 0.019 (0.002)** -0.021 (0.002)** 0.035 (0.002)** 
Age 0.006 (0.000)** 0.005 (0.000)** 0.011 (0.000)** -0.010 (0.000)** 
Less Than High 
School 
-0.054 (0.032) 0.031 (0.040) -0.029 (0.046) 0.009 (0.045) 
ome High School -0.046 (0.034) 0.033 (0.040) -0.001 (0.042) 0.030 (0.0045) 
High School Grad -0.040 (0.037) 0.043 (0.036) 0.037 (0.040) 0.040 (0.045) 
Some College -0.022 (0.0038) 0.062 (0.041) 0.093 (0.037)* 0.111 (0.0045)* 
College Grad -0.005 (0.0039) 0.076 (0.043) 0.137 (0.035)** 0.149 (0.044)** 
Income 0.000 (0.001) 0.006 (0.001)** 0.021 (0.001)** 0.003 (0.001)** 
Employed -0.004 (0.002) -0.022 (0.002)** -0.009 (0.003)** 0.009 (0.003)** 
Unemployed -0.021 (0.005)** -0.007(0.004) -0.002(0.005) 0.041 (0.005)** 
BMI 0.000 (0.000) 0.000 (0.000)** 0.001 (0.000)** 0.000 (0.000)** 
Smoker -0.033 (0.002)**  -0.014 (0.002)** -0.046 (0.002)** 0.078 (0.002)** 
Black -0.025 (0.003)** -0.001(0.003) -0.020 (0.004)** 0.140 (0.003)** 
Hispanic -0.020 (0.004)** -0.009 (0.004)** 0.004 (0.004) 0.006 (0.004) 
Asian/PI 0.025 (0.007)** -0.032 (0.005)** -0.064 (0.008)** -0.090 (0.006)** 
Other Race 0.031 (0.005)** -0.006 (0.004) -0.027 (0.005)** 0.032 (0.005)** 
Single 0.049 (0.003)** -0.002 (0.003) 0.000 (0.003) -0.067 (0.003)** 
Divorced 0.005 (0.005)* 0.006 (0.002)** 0.019 (0.003)** 0.102 (0.003)** 
Un-Married Couple 0.007 (0.006) -0.005 (0.008) -0.014 (0.006)* 0.053 (0.006)** 
General Health 0.017 (0.001)** 0.011 (0.001)** 0.009 (0.001)** 0.013 (0.001)** 
Observations 257,462 96,309 237,550 324,603 
Note: Standard errors in parentheses. These marginal effects are calculated with a standard Logit model with state and year 
controls. ** results are significant at the 1% level and * are significant at the 5% level. State and year controls employed in all 
regressions. Colonoscopy regressions are limited to those age 50 and above. 
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Pap Smear: P(Pap) = 0.97 
Breast Physical Exam: P(BPE) 
= 0.92 
Employer Coverage 0.008 (0.003)* 0.005 (0.001)** 0.011 (0.002)** 
Military Coverage 0.014 (0.008) 0.007 (0.002)** 0.020 (0.003)** 
Medicaid Coverage -0.021 (0.007)** 0.012 (0.001)** 0.015 (0.002)** 
Other Coverage 0.009 (0.009) 0.002 (0.002) 0.001 (0.004) 
No Coverage -0.052 (0.005)** 0.000 (0.001) -0.011 (0.002)** 
Check-Up Last Year 0.152 (0.004)** 0.020 (0.001)** 0.050 (0.001)** 
Age 0.000 (0.000) 0.000 (0.000)** 0.001 (0.000)** 
Less Than High School -0.059 (0.061) -0.004 (0.009) -0.031 (0.025) 
Some High School -0.060 (0.059) 0.004 (0.006)** -0.009 (0.019) 
High School Grad -0.033 (0.043) 0.009 (0.006) 0.009 (0.016) 
Some College -0.020 (0.042) 0.013 (0.006)* 0.030 (0.0014)* 
College Grad -0.004 (0.039) 0.016 (0.005)** 0.040 (0.0013)** 
Income 0.010 (0.001)** 0.001 (0.000)** 0.007 (0.000)** 
Employed -0.005 (0.003) 0.013 (0.001)** 0.009 (0.001)** 
Unemployed 0.009 (0.006) 0.008 (0.001)** 0.004 (0.002)** 
BMI 0.000 (0.000)** 0.000 (0.000) 0.000 (0.000) 
Smoker -0.033 (0.003)** 0.009 (0.000)** 0.006 (0.001)** 
Black -0.004 (0.004) 0.007 (0.001)** -0.014 (0.002)** 
Hispanic -0.008 (0.005) -0.010 (0.001)** -0.031 (0.002)** 
Asian/Pacific Islander -0.051 (0.017)** -0.083 (0.005)** -0.186 (0.008)** 
Other Race -0.008 (0.007) -0.004 (0.001)** -0.017 (0.003)** 
Single -0.026 (0.006)** -0.058 (0.002)** -0.049 (0.002)** 
Divorced 0.013 (0.003)** -0.001 (0.001) 0.007 (0.001)** 
Un-Married Couple -0.019 (0.015) -0.012 (0.002)** -0.002 (0.003) 
General Health 0.004 (0.001)** -0.001 (0.000)** -0.003 (0.000)** 
Observations 54,489 227,166 227,172 
Note: Standard Errors in parentheses. These marginal effects are calculated with a standard Logit model with state and year 
controls. ** results are significant at the 99% level and * are significant at the 95% level. State and year controls employed in all 
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